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Samenvatting (Dutch Summary)

Net als op veel andere gebieden heeft artificiële intelligentie (AI) het poten-
tieel om de gezondheidszorg te transformeren door middel van hulpmidde-
len die clinici ondersteunen bij het nemen van complexe beslissingen. Voor-
beelden hiervan zijn chatbots die differentiële diagnoses voorstellen, mobiele
applicaties die mogelijk kankerverwekkende huidletsels kunnen detecteren
en monitoringsystemen die het personeel op de intensieve zorg waarschuwen
wanneer patiënten het risico lopen sepsis te ontwikkelen. Deze technologieën
staan bekend als klinische beslissingsondersteunende systemen (of clinical
decision support systems, CDSS) en zijn ontworpen om het klinisch oordeel
te verbeteren in plaats van te vervangen.

Elektronische medische dossiers (EMD) vormen een waardevolle train-
ingsbron voor moderne, op AI gebaseerde CDSS’s, omdat ze enorme hoeveel-
heden informatie bevatten, zoals medische voorgeschiedenis, vitale functies
zoals hartslag en bloeddruk, aantekeningen van artsen, operatieverslagen
en medische beelden. Wanneer deze rijke datasets effectief worden benut,
hebben ze het potentieel om gepersonaliseerde zorg waar te maken, waarbij
behandelingen zouden kunnen worden afgestemd op de unieke behoeften
van elke patiënt.

Hoewel het potentieel van AI in de gezondheidszorg algemeen wordt erk-
end, verloopt de invoering ervan trager dan in veel andere domeinen. Deze
voorzichtigheid is begrijpelijk, aangezien de gezondheidszorg een risicovol
domein is waar beslissingen rechtstreeks invloed hebben op het welzijn van
patiënten. In hoofdstuk 1 stellen we vast dat de ontwikkeling van CDSS’s
die klaar zijn voor de klinische praktijk afhankelijk is van drie fundamentele
technische uitdagingen.

Ten eerste zijn zorgprofessionals begrijpelijkerwijs terughoudend om te
vertrouwen op ‘black-box’-AI-systemen waarvan de interne werking niet
transparant is. Om vertrouwen te wekken, moeten CDSS’s interpreteer-
baar zijn en aanbevelingen doen die door clinici kunnen worden begrepen
en geverifieerd. Deze aanbevelingen moeten gebaseerd zijn op gevestigde
medische expertise, die rechtstreeks in het ontwerp van het systeem moet
worden geïntegreerd, zodat de werking van het systeem aansluit bij de klin-
ische praktijk.

Ten tweede speelt onzekerheid een centrale rol bij besluitvorming in de
gezondheidszorg. Artsen redeneren voortdurend in termen van waarschijnli-
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jkheid, verzamelen bewijs om de onzekerheid in een diagnose te verminderen
of wegen opties af om de behandeling te vinden die de kans op herstel van
de patiënt het meest waarschijnlijk maakt. CDSS’s moeten dit proces van
klinisch redeneren onder onzekerheid kunnen modelleren om betrouwbare
aanbevelingen te genereren. Bovendien moeten ze hun betrouwbaarheid-
sniveaus duidelijk communiceren aan artsen, zodat zij de onzekerheden op
passende wijze kunnen meenemen in hun eigen oordeel.

Ten derde omvatten EMD’s zeer uiteenlopende soorten gegevens, var-
iërend van gestructureerde tabelinformatie zoals vitale functies en diag-
nosecodes tot ongestructureerde tekst zoals ontslagverslagen en radiologis-
che rapporten. Hoewel het juist deze diversiteit is die EMD-gebaseerde
CDSS’s zo krachtig maakt, zorgt het er ook voor dat transparante en be-
trouwbare gegevensintegratie technisch uitdagend wordt. Het succesvol
combineren van deze verschillende gegevensbronnen op een duidelijke en
interpreteerbare manier is essentieel voor het bouwen van robuuste, be-
trouwbare systemen.

In hoofdstuk 2 leggen we uit waarom bepaalde AI-technologieën beter
geschikt zijn om sommige van deze uitdagingen aan te pakken dan andere.
Bayesiaanse netwerken (BN’s) zijn probabilistische grafische modellen die
expliciet weergeven hoe variabelen elkaar beïnvloeden. Ze zijn bijzonder
geschikt voor de eerste uitdaging omdat ze een interpreteerbare, door ex-
perten geïnformeerde structuur combineren met een transparant Bayesi-
aans inferentieproces. Bovendien bieden ze een ideaal kader voor de tweede
uitdaging, omdat ze het proces van klinisch redeneren onder onzekerheid op
natuurlijke wijze kunnen formaliseren en in staat zijn om de probabilistische
vragen te beantwoorden die bepalend zijn voor diagnostische en behandel-
ingsbeslissingen.

Ondanks deze sterke punten vormt het beperkte vermogen van BN’s om
de derde uitdaging aan te gaan en realistische, heterogene medische gegevens
te verwerken, een belemmering voor een bredere toepassing ervan in de klin-
ische praktijk. BN’s kunnen geen ongestructureerde tekst verwerken, wat
betekent dat ze geen gebruik kunnen maken van de rijke klinische informatie
in vrije tekstnotities in EMD’s.

Daarentegen blinken diepe neurale netwerken en grote taalmodellen (large
language models, LLM’s) uit in het verwerken van natuurlijke taal en het
extraheren van informatie uit tekst. Ze zijn echter niet goed geschikt om de
eerste twee uitdagingen aan te pakken, aangezien ze berucht zijn als ‘black
boxes’ en geen betrouwbare, principiële manier hebben om onzekerheid weer
te geven en te communiceren.

Om dit probleem aan te pakken, onderzoeken we in dit werk de volgende
centrale onderzoeksvraag: Hoe kunnen we Bayesiaanse netwerken uitbrei-
den met tekstuele gegevens om interpreteerbare, door experts geïnformeerde
en onzekerheidsbewuste AI-systemen voor de gezondheidszorg te creëren die
alle drie de uitdagingen met succes kunnen aangaan? Deze centrale on-
derzoeksvraag, samen met gerelateerde subvragen, wordt geformuleerd in
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hoofdstuk 3.
Onze zoektocht naar het antwoord op deze vraag begint in hoofdstuk 4,

waar we onderzoeken of een BN echt nodig is om de eerste twee uitdagin-
gen aan te pakken, of dat er een neuraal netwerk kan worden ontworpen
dat de belangrijkste eigenschappen van een BN nabootst. Om dit te on-
derzoeken, ontwikkelen we een neurale BN ‘understudy’ die goed presteert
bij het repliceren van het probabilistische en causale gedrag van een BN.
Dit neural netwerk slaagt er echter niet in om de interpreteerbaarheid en
expliciete integratie van expertenkennis te behouden, beide eigenschappen
die BN’s juist zo waardevol maken.

In hoofdstuk 5 verleggen we daarom de focus terug naar BN’s en on-
derzoeken we hoe deze het proces van klinisch redeneren onder onzekerheid
kunnen automatiseren. We breiden het BN uit door er neurale tekstrep-
resentaties in op te nemen, waardoor het BN zowel gestructureerde tabel-
gegevens als ongestructureerde tekstuele invoer kan verwerken. Deze neurale
representaties worden rechtstreeks in het Bayesiaanse inferentieproces geïn-
tegreerd, waardoor ze een natuurlijke uitbreiding van BN’s vormen die hen
in staat stelt multimodale gegevens te verwerken. In dit hoofdstuk komen
we voor het eerst het gebrek aan klinische benchmarkdatasets tegen die
gestructureerde tabelgegevens koppelen aan ongestructureerde tekst.

Om dit tekort aan te pakken, ontwerpen we in hoofdstuk 6 SimSUM,
een op zichzelf staande gesimuleerde dataset die zowel gestructureerde als
ongestructureerde medische data omvat en het domein van respiratoire aan-
doeningen in de eerstelijnszorg modelleert. Door de tabelgegevens te gener-
eren met behulp van een BN en de tekstgegevens met behulp van een
‘prompt’-gestuurde LLM, behouden we de volledige controle over het gener-
atieproces van de data en zorgen we ervoor dat dit proces transparant blijft
voor de gebruiker.

In hoofdstuk 7 demonstreren we een alternatieve aanpak voor het aan-
passen van BN’s met tekst. In tegenstelling tot de methode die in hoofdstuk
5 wordt gepresenteerd, waarbij neurale representaties rechtstreeks in het BN
worden geïntegreerd, onderzoeken we in dit hoofdstuk een meer modulaire
strategie. Hierbij wordt informatie die door een neuraal netwerk uit tekst
wordt gehaald, samengevoegd met voorspellingen op basis van tabulaire
data die door het BN worden geproduceerd. We passen deze methode toe
om informatie-extractie op patiëntniveau mogelijk te maken en evalueren
deze met behulp van de SimSUM-dataset. Waar conventionele methoden
voor het extraheren van klinische informatie zich uitsluitend richten op het
extraheren van klinische concepten uit ongestructureerde tekst, maakt onze
benadering ook gebruik van de gestructureerde, tabulaire kenmerken die al
aanwezig zijn in het EMD van een patiënt. Dankzij dit ontwerp kan het BN
de output van de neurale classificator moduleren, waardoor het ontbrekende
informatie in de tekst kan verwerken en tegenstrijdigheden tussen tekstueel
bewijs en bestaande tabelgegevens kan oplossen.

Omdat het definiëren van een BN voor een bepaald domein vaak een tijd-
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srovende uitdaging is, wordt in hoofdstuk 8 onderzocht hoe onzekerheid kan
worden gemodelleerd zonder gebruik te maken van een BN. Hiervoor ver-
soepelen we de oorspronkelijke vereisten voor een BN en vragen we experten
om in plaats daarvan diagnostische trajecten te definiëren. Dit zijn deter-
ministische, top-down relaties van differentiële diagnoses naar hun meest
belangrijke klinische bevindingen. Aangezien onzekerheid niet expliciet in
deze trajecten wordt gemodelleerd, halen we deze rechtstreeks uit de taal die
in klinische rapporten wordt gebruikt. Deze communiceren vaak twijfel of
juist zekerheid over de aanwezigheid of afwezigheid van specifieke bevindin-
gen. Samen maken deze twee methoden het mogelijk om gestructureerde,
onzekerheidsbewuste informatie uit ongestructureerde klinische rapporten
te halen.

In hoofdstuk 9 sluiten we af met antwoorden op de centrale onder-
zoeksvraag van hoe we Bayesiaanse netwerken kunnen aanvullen met tek-
stuele gegevens om interpreteerbare, door experts geïnformeerde en onzeker-
heidsbewuste AI-systemen voor de gezondheidszorg te creëren, samen met de
bijbehorende subvragen. We reflecteren ook op richtingen voor toekomstig
werk, waaronder het bredere nut van de SimSUM-dataset, de uitdagingen
bij het valideren van onze methoden op basis van echte data, het gebruik
van diagnostische trajecten wanneer Bayesiaanse netwerken te restrictief zijn
voor praktische gebruikssituaties, en toekomstige onderzoeksmogelijkheden
met betrekking tot het kwantificeren van waarschijnlijkheid op basis van
natuurlijke taal.



Summary

As in many fields, Artificial Intelligence (AI) has the potential to transform
healthcare through tools that assist clinicians in making complex decisions.
Examples include chatbots that suggest differential diagnoses, mobile appli-
cations that can detect potentially cancerous skin lesions, and monitoring
systems that alert staff at the intensive care unit when patients are at risk of
developing sepsis. These technologies are known as Clinical Decision Sup-
port Systems (CDSSs) and are designed to enhance clinical judgment rather
than replace it.

Electronic Health Records (EHRs) form a valuable training source for
modern AI-based CDSSs, as they contain vast amounts of information such
as medical histories, vital signs like heart rate and blood pressure, clinician
notes, surgical records, and medical images. When leveraged effectively,
these rich datasets can unlock the potential for personalized care, enabling
treatments to be tailored to each patient’s unique needs.

Although the potential of AI in healthcare is widely recognized, its adop-
tion has been slower than in many other domains. This caution is under-
standable, as healthcare is a high-stakes field where decisions directly affect
patient well-being. In Chapter 1, we argue that developing CDSSs that are
ready for real-world clinical use depends on addressing three fundamental
technical challenges.

First, healthcare professionals are understandably hesitant to rely on
“black-box” AI systems whose internal workings are opaque. To foster trust,
CDSSs must be interpretable and produce recommendations that clinicians
can verify and understand. These recommendations should be grounded in
established medical expert knowledge, which needs to be integrated directly
into the system’s design so that its reasoning aligns with clinical practice.

Second, uncertainty is central to healthcare decision-making. Clinicians
constantly reason in probabilistic terms, gathering evidence to reduce the
uncertainty in a diagnosis or weighing off options to find the treatment that
will most likely increase the patient’s chance of recovery. CDSSs must be
able to model this process of clinical reasoning under uncertainty to generate
trustworthy recommendations. In addition, they should clearly communi-
cate their confidence levels to clinicians, enabling them to appropriately
factor these uncertainties into their own judgments.

Third, EHRs encompass highly diverse data types, ranging from struc-
tured tabular information like vital signs and diagnosis codes to unstruc-
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tured text such as discharge summaries and radiology reports. While this
diversity is what makes EHR-based CDSSs so powerful, it also makes reli-
able and transparent data integration technically challenging. Successfully
combining these different data sources in a clear and interpretable way is
essential for building robust, trustworthy systems.

In Chapter 2, we explain why certain AI technologies are better suited to
addressing some of these challenges than others. Bayesian Networks (BNs)
are probabilistic graphical models that explicitly represent how variables
depend on one another. They are particularly well suited to the first chal-
lenge because they combine an interpretable, expert-informed structure with
a transparent Bayesian inference process. In addition, they provide an ideal
framework for the second challenge, as they can naturally formalize the
process of clinical reasoning under uncertainty, and are able to answer the
probabilistic questions that drive diagnostic and treatment decisions.

Despite these strengths, the limited ability of BNs to handle the third
challenge, and incorporate realistic, heterogeneous medical data, has formed
a barrier to their wider adoption in clinical practice. In particular, tradi-
tional BNs cannot process unstructured text, which means they are unable
to leverage the rich clinical information contained in free-text notes within
EHRs.

By contrast, deep neural networks and Large Language Models (LLMs)
excel at processing natural language and extracting information from text.
However, they are poorly suited to address the first two challenges, as they
function infamously as black boxes and lack a reliable, principled way to
represent and communicate uncertainty.

To address this gap, this work explores the following central research
question: How can we augment Bayesian networks with textual data to cre-
ate interpretable, expert-informed, and uncertainty-aware AI systems for
healthcare that can successfully meet all three challenges? This central re-
search question, along with related sub-questions, is formulated in Chapter
3.

Our journey toward answering this question begins in Chapter 4, where
we investigate whether a BN is truly necessary to address the first two
challenges, or whether a neural network can be designed to mimic the key
properties of a BN. To explore this, we develop a neural BN “understudy”
that performs well at replicating the probabilistic and causal behavior of a
BN. However, it fails to preserve the interpretability and explicit integration
of expert knowledge that make BNs so valuable.

In Chapter 5, we therefore shift the focus back to BNs and explore how
they can automate the process of clinical reasoning under uncertainty. We
extend the BN by incorporating neural text representations, enabling it
to process both structured tabular data and unstructured textual input.
These neural representations are integrated directly into the Bayesian infer-
ence process, making them a natural extension of BNs which allows them
to handle multi-modal data. In this chapter, we first encounter the lack
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of clinical benchmark datasets that link structured, tabular data with un-
structured text.

To address this gap, we design SimSUM in Chapter 6, a self-contained
simulated dataset that comprises both structured and unstructured medical
records, modeling the domain of respiratory diseases in primary care. By
generating the tabular data using a BN and the textual data using a prompt-
steered LLM, we maintain full control over the data generation process and
ensure that this process remains transparent to the user.

In Chapter 7, we demonstrate an alternative approach to incorporating
text into BNs. Unlike the method presented in Chapter 5, which directly
integrates neural representations into the BN, we explore a more modu-
lar strategy in which information extracted from text by a neural classifier
is fused with tabular feature predictions produced by the BN. We apply
this approach to support patient-level information extraction and evaluate it
using the SimSUM dataset. Where conventional clinical information extrac-
tion methods focus solely on extracting clinical concepts from unstructured
text, our approach also leverages the structured, tabular features already
present in a patient’s EHR. This design allows the BN to modulate the neu-
ral classifier’s outputs, enabling it to handle missing information in the text
and resolve contradictions between textual evidence and existing tabular
data.

Because defining a BN for a given use case can be challenging and time-
consuming, Chapter 8 explores how uncertainty can be modeled without
relying on a BN. To do this, we relax the original requirements and instead
ask experts to define diagnostic pathways: deterministic, top-down relation-
ships from differential diagnoses to key clinical findings. Since uncertainty
is not explicitly modeled within these pathways, we extract it directly from
the language used in clinical reports, which often conveys doubt or confi-
dence about the presence or absence of specific findings. Together, these two
methods enable the extraction of structured, uncertainty-aware information
from unstructured clinical reports.

In Chapter 9, we conclude by providing answers to the central research
question of how we can augment Bayesian networks with textual data to
create interpretable, expert-informed, and uncertainty-aware AI systems for
healthcare, along with its sub-questions. We also reflect on directions for
future work, which includes the broader utility of the SimSUM dataset, the
challenges of validating our methods on real-world data, the use of diagnostic
pathways when Bayesian networks are too restrictive for practical use cases,
and future research opportunities related to the quantification of probability
from natural language.
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1
Artificial Intelligence in Healthcare

It is almost impossible to describe how Artificial Intelligence (AI) has taken
the world by storm without slipping into familiar clichés. Domains such
as finance, transportation, education, and the creative industries are not
only becoming acquainted with AI but are rapidly embedding it into their
workflows. For the general public, the rapid rise of Large Language Mod-
els (LLMs) – most notably ChatGPT – has been the defining moment of
this technological shift, offering an accessible demonstration of what con-
temporary AI systems can do.

Yet not all sectors have embraced AI at the same pace. In healthcare,
adoption has been noticeably slower. This hesitation is understandable: the
domain is inherently critical, with decisions that directly affect patient safety
and well-being. Healthcare professionals are reluctant to rely on black-box
systems whose inner workings remain opaque, especially when those systems
may influence diagnoses, treatments, or clinical workflows. Moreover, the
breadth of data types (ranging from clinical notes and laboratory results to
past diagnoses, medical imaging, and physiological signals) poses challenges
for developing AI models that reliably and transparently integrate these
data. As a result, while the potential is vast, realizing the benefits of AI
in healthcare requires careful navigation of trust, transparency and data
complexity.

In this first chapter, we will address the potential of and the challenges
related to AI in healthcare. In Section 1.1, we first explain the concept
of clinical decision support systems, and the various forms of data in the
electronic health record that serve as their foundation. Then, Section 1.2
discusses the potential of AI in healthcare, while Section 1.3 dives into four
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major challenges of AI in healthcare which must be addressed. This latter
section also provides a concise case study of a prominent AI application in
healthcare and the circumstances in which it failed.

1.1 Clinical decision support systems
A Clinical Decision Support System (CDSS) is defined by Berner and
La Lande [2016] as a computer system designed to impact clinical decision
making about individual patients at the point in time that these decisions
are made. While this definition does not at all require a CDSS to be based
on AI, the use of AI enables newer and more powerful CDSSs [Sutton et al.,
2020]. These systems are built on a myriad of AI technologies, which range
from traditional rule-based engines, to decision trees, to neural networks,
to large (vision-)language models, and beyond [Montani and Striani, 2019,
Sadeghi et al., 2024, Sutton et al., 2020, Hartsock and Rasool, 2024]. We will
address some of the technologies which are relevant to our work in Chapter 2.

AI-based CDSSs are trained on health-related data. The source of this
data is found in the Electronic Health Record (EHR), a longitudinal
collection of electronic health information about individual patients and
populations, which is mainly intended for documentation of the healthcare
process [Tayefi et al., 2021]. EHRs contain a myriad of multi-modal health-
related data, which can be categorized into two major types: structured
data and unstructured data.

Structured EHR data encompasses patient information that is recorded
in a (partially) standardized, organized format. Examples of structured
EHR data include, but are not limited to, the following:

• Patient demographics, such as age, or gender.
• Medical history, including past diagnoses, chronic diseases, and family

genetics.
• Longitudinal monitoring, which includes routine observations such as

height, weight, or blood pressure, but also more intensive monitoring
such as heart rate or respiratory rate. The latter may be significantly
fine-grained if the patient was monitored in an in-hospital setting,
such as the intensive care unit.

• Laboratory testing results, such as hematology or microbiology re-
sults.

• Prescription medication information.
• Procedures and interventions, including surgeries and other treat-

ments.
In this work, we will often talk about structured tabular data, as structured
data effectively forms a table, where the rows are samples (i.e., patients),
and the columns are features (i.e., time stamps, symptoms, lab results, pre-
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scription codes, etc.).

Unstructured EHR data is all other data which is not naturally struc-
tured in a machine-readable format. Examples of unstructured EHR data
include, but are not limited to, the following:

• Clinical caregiver notes, including primary care physician notes, nurs-
ing notes, and hospital discharge summaries.

• Surgical records containing narrative operative details.
• Medical images, such as X-rays, CT scans, or MRI scans.
• Imaging study reports, where radiologists describe findings and im-

pressions based on medical images.
• Raw physiological signals, including ECG and EEG recordings.

It has been suggested that a single person may generate up to 500GB of
health data over a lifetime [Senbekov et al., 2020], although this estimate
can vary widely depending on demographics and nationality. As we continue
to live in an increasingly digital and data-driven society, this figure is likely
to grow, highlighting the immense scope and potential of personal health
data.

1.2 Potential of AI in healthcare
EHRs form a gold-mine of data. If we are able to successfully leverage this
data to train AI-based CDSSs, we would be able to transform healthcare
[Sterckx and Van Biesen, 2024, Hinton, 2018]. Specifically, AI has the po-
tential to fulfill the promise of truly personalized care, where every patient
receives treatment tailored to their specific needs [Johnson et al., 2021].
Furthermore, AI might be able to accelerate science by generating medi-
cal hypotheses, suggesting novel treatment regimes, or uncovering clinical
relationships [Rotmensch et al., 2017].

To make the potential of AI in healthcare more tangible, we (non-
exhaustively) list some general types of CDSSs, each with one or more
specific examples.

• Feature-based diagnostic or triage systems: One of the earliest
CDSSs are rule-based systems (i.e. systems where rules are provided
by experts, rather than learned from data) that take in a patient’s his-
tory and symptoms and automatically suggest a diagnosis. Examples
include MYCIN [Shortliffe et al., 1975] or Isabel [Vardell and Moore,
2011], the former for diagnosis of bacterial infections, and the latter for
differential diagnosis in primary care. A more modern CDSS in this
category is Bingli [Bingli, 2025], an application for automated medical
history questioning and diagnostic landscaping in primary care.

• Image-based diagnostic systems: Smartphone applications like
SkinVision [Sangers et al., 2022] scan images of the skin to predict the
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risk of cancerous lesions. Similarly, Google’s DermAssist [Liu et al.,
2020, Jain et al., 2021a] provides differential diagnoses across a range
of skin disorders.

• Warning systems: Real-time patient monitoring systems such as
Sepsis Watch [Sendak et al., 2020] or the EPIC Sepsis Model [Wong
et al., 2021] analyze continuous observations from hospitalized pa-
tients, alerting clinicians when sepsis risk becomes elevated. Another
example is FibriCheck, a smartphone app which can monitor and de-
tect abnormal heart rhythm [Proesmans et al., 2019].

• Treatment prediction: By integrating diverse clinical patient in-
formation, including tumor characteristics and other relevant factors,
IBM Watson Oncology [Somashekhar et al., 2018] generates personal-
ized, ranked lists of cancer treatment recommendations.

• Automated report generation: CareConnect AI [Corilus, 2025] is
an integrated assistant within an electronic patient file system widely
used by primary care physicians in Belgium. It automatically tran-
scribes patient encounters and summarizes them into structured re-
ports, thereby reducing administrative burden. Beyond language-
based systems, other tools also leverage computer vision capabili-
ties. For instance, Microsoft’s MAIRA [Bannur et al., 2024] has been
trained on large volumes of radiology data (including both imaging
studies and corresponding reports) and can automatically generate
radiology reports when provided with new images, such as chest X-
ray studies.

1.3 Challenges for AI in healthcare
While the potential of AI to transform healthcare is widely recognized and
considerable research is devoted to developing CDSSs, their real-world adop-
tion and integration into clinical workflows lag behind what one might ex-
pect given the scale of ongoing research [Hill et al., 2024]. Moreover, several
of the systems discussed in the previous section have been the subject of
controversy, and some have even been discontinued.

• Dermatologists have questioned the efficacy of SkinVision, as diagnos-
tic evaluation studies have shown that its specificity and sensitivity
were likely overestimated [Deeks et al., 2020, Kips et al., 2025]. Still,
SkinVision continues to be partnered with Belgian insurers CM and
Helan, who pay back the use of this skin cancer screening tool to their
customers [SkinVision, 2025].

• DermAssist, a similar tool developed by Google, was discontinued
after concerns emerged regarding its accuracy for darker skin tones
[Vice, 2025]. In addition to this racial bias, the tool’s sensitivity was
poorly calibrated, potentially overwhelming dermatologists with pa-
tients seeking follow-up care for false-positive diagnoses [The Guardian,
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Figure 1.1: Four major technical challenges for AI in healthcare.

2025].
• The EPIC Sepsis Model, despite its deployment in the world’s most

widely used electronic patient record system, performed poorly in
an independent validation study. According to Wong et al. [2021],
“. . . its widespread adoption despite poor performance raises funda-
mental concerns about sepsis management on a national level.”

• IBM Watson Oncology has been the subject of considerable contro-
versy. After failing to deliver on its promises, the system was ul-
timately discontinued [Strickland, 2019]. We examine this case in
greater detail in Section 1.3.5, analyzing the factors that contributed
to its failure.

These examples illustrate that the success of CDSSs depends on striking
a careful balance between technological innovation and clinical applicability
[Sterckx and Van Biesen, 2024]. The gap between the promise and reality
of CDSSs can be attributed, at least in part, to the difficulty of addressing
four fundamental technical challenges, which are shown in Figure 1.1
[Hinton, 2018, Tayefi et al., 2021, Char et al., 2018, Aung et al., 2021]:

• Challenge 1: Building trust through interpretable and expert-guided
decisions

• Challenge 2: Modeling clinical reasoning under uncertainty
• Challenge 3: Integrating multi-modal health data
• Challenge 4: Navigating the sensitive nature of health data
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We now address each of these challenges in detail.

1.3.1 Challenge 1: Building trust through interpretable
and expert-guided decisions

Given the critical nature of healthcare decisions, clinicians are understand-
ably hesitant to adopt CDSSs into their workflows. While many recognize
the potential for improved efficiency and reduced medical errors, actual
adoption hinges on the fact that they can trust the CDSS’s decisions and
suggestions [Henzler et al., 2025]. There are two concepts in AI research
that aim to enable trust in these systems: explainability and interpretability
[Quinn et al., 2022, Rudin, 2019].

Explainability Many of the most powerful AI systems today (includ-
ing neural models, such as large language models) operate as black boxes,
achieving high performance by processing data in ways that are not readily
scrutinizable by humans. To enable trust, these black boxes must be opened,
at least partially. Explainability methods aim to describe a model’s deci-
sions in human-understandable terms after the fact [Sadeghi et al., 2024];
for instance, by highlighting the most influential input features in neural
networks, or by prompting language models to articulate their reasoning
process.

Interpretability Interpretability goes one step further, referring to how
directly understandable a model’s inner workings are from the outset. This
can only be achieved when all steps taken by the model can be inspected
and logically understood by humans, meaning black boxes are inherently out
of the question [Rudin, 2019]. Examples of interpretable methods include
traditional, non-neural AI models such as decision trees, logistic regression,
and Bayesian networks.

Some, like Rudin [2019], argue that only interpretable AI models are ac-
ceptable for high-stakes decisions. In their view, explainability is insufficient
in such domains: if one could fully explain a model’s decisions in human-
understandable terms after the fact, then one should be able to replace
the model with that explanatory mechanism to achieve full interpretability.
Most would agree that at least some level of interpretability – particularly
in critical components of the system – is necessary to enable trust in CDSSs
[Henzler et al., 2025]. At minimum, decisions or suggestions put forward
by the CDSS should be verifiable by a clinician who remains in the loop
[Char et al., 2018]. In Europe, this is even enforced by the AI Act, which
requires that users should understand the factors influencing AI-based de-
cisions [European Union, 2024].
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Beyond interpretable decisions, another way to enable trust in a CDSS
is by integrating medical expert knowledge into its design [Sirocchi
et al., 2024]. Here, we distinguish between data and knowledge: data refers
to patient-specific observations captured in EHR records, while knowledge
refers to generalized medical understanding that transcends individual cases.
While CDSSs trained on large volumes of health data can learn to make
accurate predictions through pattern recognition alone, incorporating ex-
pert knowledge enhances trust. This integration can be achieved implic-
itly, for instance, by including biomedical publications in a large language
model’s training set. More explicit approaches leverage established knowl-
edge graphs that encode relationships between clinical concepts, such as
SNOMED-CT, UMLS, or ICD-10 coding hierarchies [Remy et al., 2024,
Sirocchi et al., 2024]. Bayesian networks represent an even more explicit
approach, directly embedding expert knowledge about causal relationships
between variables into the model architecture itself. We discuss this ap-
proach in detail in Section 2.2 in the next chapter.

1.3.2 Challenge 2: Modeling clinical reasoning under
uncertainty

Underlying many decisions made in patient care is a process called clinical
reasoning. This refers to how a clinician integrates their own knowledge
with patient information (like symptoms, objective measurements, back-
ground, medical history, etc.), to arrive at a diagnosis and subsequent ther-
apeutic options [Gruppen, 2017]. A practical example to illustrate the con-
cept of clinical reasoning is provided below.

Example: Clinical reasoning in primary care

A patient visits their primary care physician with an ongoing cough and
shortness of breath. Based on these symptoms, the physician considers
several possible diagnoses, including pneumonia. To narrow the possibili-
ties, the physician measures the patient’s temperature. When it turns out
to be elevated, pneumonia becomes the most likely cause. The physician
therefore prescribes antibiotics. In this example, the steps taken by the
physician – gathering additional evidence (measuring temperature), arriv-
ing at a diagnosis (pneumonia), and selecting a treatment (antibiotics) –
all stem from their internal clinical reasoning process.

Uncertainty plays an important part in the clinical reasoning process,
and therefore in clinical practice more broadly [Meyer et al., 2021]. Whether
consciously or not, clinicians are continuously working under conditions of
uncertainty. This uncertainty drives their decisions as they seek additional
evidence to lower the uncertainty related to a specific diagnosis or treat-
ment option [Strauss et al., 2018, Yazdani et al., 2017]. The example below
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illustrates the role of uncertainty in the clinical reasoning process.

Example: Clinical reasoning under uncertainty

In the previous example, the physician measures the patient’s tempera-
ture, because they know that the outcome of that action will lower their
uncertainty about a potential diagnosis of pneumonia. At the same time,
the degree of uncertainty based on the evidence collected so far drives
the decision to gather additional evidence. When a patient presents with
high fever, persistent cough, and shortness of breath – symptoms that
together are highly indicative of pneumonia – there is little reason to pur-
sue further testing, such as an expensive chest X-ray, simply to increase
diagnostic certainty in pneumonia.

Incorporating uncertainty into CDSSs is essential for ensuring that
these systems align with the realities of medical practice [Simpkin and
Schwartzstein, 2016, Kong et al., 2008]. As illustrated in the example above,
diagnostic and therapeutic uncertainty is a routine aspect of clinical care.
Because of this, CDSSs should provide not only their recommended deci-
sion but also an estimate of the confidence behind it, allowing clinicians to
factor this information into their judgment. The level of uncertainty that
a clinician deems acceptable in any given situation depends on many fac-
tors, including disease severity, the consequences of missing a diagnosis or
prescribing an inappropriate treatment, patient demographics, the patient’s
ability to access timely care if symptoms worsen, the cost of additional test-
ing, and more. These factors underscore the continued need for an expert
in the loop: someone who can weigh all relevant information, including the
CDSS’s suggestions, before making the final decision.

Example: Clinical reasoning with uncertainty thresholds

Every physician has a personal threshold for how much uncertainty they
are willing to tolerate before making a clinical decision, whether diagnos-
ing or initiating treatment. In the example above, the physician might
judge that the constellation of symptoms provides sufficient certainty to
diagnose pneumonia. Although ordering a chest X-ray could further re-
duce uncertainty, the physician may view this as unnecessary given the
costs, time, and radiation exposure involved. The point at which a clin-
ician feels confident enough to act is called the action threshold, and can
vary depending on the patient and the condition. For instance, a physician
may set a higher threshold when treating young children, where missing a
serious diagnosis carries greater risk, than when treating an adult. Simi-
larly, they might be comfortable sending a patient home without treatment
when they are 50% confident the symptoms represent a common cold, but
would require far greater certainty before ruling out more serious condi-
tions, such as appendicitis.
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Building CDSSs that reflect the clinical reasoning process not only brings
these systems closer to real-world practice but also enhances their inter-
pretability and trustworthiness. Incorporating uncertainty strengthens this
further: by showing users how confident the system is in a proposed diagno-
sis or treatment plan based on the available evidence, clinicians are better
equipped to make informed decisions. In doing so, addressing challenge 2
also helps the system handle challenge 1 more effectively.

Finally, we note that clinical uncertainty has diverse sources. The type of
uncertainty discussed above can be characterized as diagnostic uncertainty:
the clinician’s subjective sense that they cannot fully predict a patient’s
health condition [Meyer et al., 2021]. The overall diagnostic uncertainty a
clinician experiences accumulates from various sources of uncertainty that
infiltrate clinical reasoning: missing or incomplete evidence, unreliable ev-
idence stemming from imprecise testing, the clinician’s insufficient knowl-
edge or experience, or the inherent complexity of diagnosis itself. Certain
sources of uncertainty cannot be eliminated within today’s medical frame-
work, such as limited scientific understanding of particular rare diseases.
Other problems are subject to radical uncertainty: no matter how much
data we gather, we will never be able to predict the outcome of a dice roll
[Sterckx and Van Biesen, 2024, King and Kay, 2020]. We emphasize that
our goal is not to eliminate all sources of uncertainty, but rather to accept
uncertainty as an essential part of the clinical process, and to build CDSSs
that can successfully communicate their level of uncertainty to the user.

1.3.3 Challenge 3: Integrating multi-modal health data
In Section 1.1, we discussed the different types of health data, ranging from
structured information such as encoded diagnoses to unstructured data such
as free text [Tayefi et al., 2021]. This multi-modality is precisely what makes
CDSSs so promising: the more diverse the available data, the more complete
the representation of the patient, and the more accurate the system’s pre-
dictions can become. However, effectively harnessing this multi-modal data
remains a major challenge which must be overcome for CDSSs to realize
their full potential.

Integrating all these data types into a single model is far from trivial, be-
cause the optimal AI technologies differ across data modalities. For static
structured tabular data, tree ensemble models have consistently demon-
strated strong performance [Shwartz-Ziv and Armon, 2022]. When data
are structured, interpretable approaches such as Bayesian networks are an
attractive technology [Koller and Friedman, 2009] (see Section 2.2). For un-
structured text, neural networks, transformer-based methods, and more
recently large language models, offer far greater modeling power [Singhal
et al., 2023, Tayefi et al., 2021, Tian et al., 2024] (see Section 2.4). For im-
ages, convolutional neural networks remain the dominant technology [Sar-
vamangala and Kulkarni, 2022], while time series data are best handled
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by transformer-based architectures [Li et al., 2020].
Though several approaches exist for integrating these modalities, such

as ensemble methods [Tayefi et al., 2021, Xu et al., 2019], representation
learning methods [Zhang et al., 2020, Nguyen et al., 2024, Wang et al.,
2023b], or medical LLMs [Li et al., 2020, Rasmy et al., 2021], these solutions
often trade interpretability for performance. It therefore remains a big
challenge to build multi-modal systems which can robustly handle diverse
data sources while remaining interpretable and reliable for use in critical
applications.

1.3.4 Challenge 4: Navigating the sensitive nature of
health data

Since health data are extremely sensitive, strong privacy-preserving mea-
sures are required to ensure that no patient characteristics are disclosed
[Murdoch, 2021]. Although privacy regulations differ worldwide, the Eu-
ropean General Data Protection Regulation (GDPR) imposes strict re-
quirements on the sharing and secondary use of health data, particularly
when data are transferred across institutions or national borders [European
Union, 2016]. As a result, CDSSs are often trained solely on locally avail-
able hospital data [Aung et al., 2021]. This limits their generalizability in
two important ways: (i) a system trained on one patient population is not
guaranteed to work well on different populations, and (ii) only a limited
number of records can be used for training, which restricts the system’s
robustness and accuracy, since more data enables better performance.

While the sensitive nature of health data poses a significant challenge
for AI in healthcare, this dissertation does not address this issue in depth.
For research contributions related to this challenge, we refer to our work
within the Syndara project1, where we investigated the use of non-sensitive
synthetic data as a substitute for real data and examined how such data
affect the validity of statistical inference [Decruyenaere et al., 2024a,b].

1.3.5 Case study: IBM Watson Oncology
In this section, we take a closer look at IBM Watson Oncology [Somashekhar
et al., 2018], a CDSS that promised to be transformative for cancer treat-
ment but was ultimately discontinued after failing to meet those expecta-
tions [Strickland, 2019]. Its shortcomings were tied to all four challenges
outlined above, making it an instructive case study for illustrating why
these challenges matter, and how failing to address them can lead to the
failure of a CDSS.

1https://syndara.ai/

https://syndara.ai/
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Challenge 1: Building trust through interpretable and expert-
guided decisions IBM Watson Oncology provided clinicians with a ranked
list of treatment recommendations, leaving it to the clinician to determine
how to use this information. Although this setup supports expert-guided
decision-making, it remains unclear whether clinicians’ decisions were mean-
ingfully altered or improved by the system. In an effort to ensure that its
recommendations were evidence-based, the system was restricted to propos-
ing treatments already contained in established clinical guidelines. As a re-
sult, clinicians often found the recommendations unsurprising at best and,
at worst, not useful [Strickland, 2019]. Conversely, if the system were to
recommend something novel (perhaps by analyzing past patient records or
drawing from niche medical literature) clinicians would be unlikely to trust
it, as they had no insight into Watson’s opaque reasoning process.

Challenge 2: Modeling clinical reasoning under uncertainty As
far as we can tell, Watson did not explicitly incorporate uncertainty into
its reasoning process and was therefore unable to account for uncertain
evidence. It provided only a ranked list of recommended treatment options,
without quantifying the uncertainty behind these predictions or indicating
any recommendation-level confidence.

Challenge 3: Integrating multi-modal health data Watson strug-
gled to process realistic patient records, which were far less clean than the
curated data it had been trained on: information was missing, out of order,
or expressed ambiguously. It was particularly challenged by the complexity
of unstructured data, often failing to extract crucial details such as treat-
ment timelines from textual medical records [Strickland, 2019]. It is worth
noting that IBM Watson Oncology was discontinued around mid-2022, just
before the emergence of today’s most powerful LLMs, which are far more
capable of extracting information from large volumes of clinical text than
the NLP technologies Watson likely relied on [Xu et al., 2024b].

Challenge 4: Navigating the sensitive nature of health data Wat-
son was trained on a vast corpus of medical literature but reportedly pro-
cessed real patient records from only a single center [Strickland, 2019]. This
limited its generalizability and undermined trust in any treatment guidelines
it attempted to infer from historical clinical data.
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2
Traditional and Modern Artificial

Intelligence

We now provide an overview of the most important AI technologies that we
will use in this dissertation. First, Section 2.1 contextualizes the difference
between traditional knowledge-driven AI and modern data-driven AI. We
then introduce three specific technologies: Bayesian networks (Section 2.2),
neural networks (Section 2.3) and large language models (Section 2.4), and
explain how each relates to challenges 1, 2, and 3. Finally, we introduce two
additional concepts that are relevant to the dissertation: clinical information
extraction (Section 2.5) and neuro-symbolic AI (Section 2.6).

2.1 Knowledge-driven versus data-driven AI
Since the inception of the field of AI in the 1940s and 1950s [Russell and
Norvig, 2009], the technologies that define it have evolved substantially:
from rule-based symbolic reasoners, to probabilistic and statistical learning
methods, across deep neural networks, to large-scale foundation models and
generative AI. While there is no clear distinction between “traditional” and
“modern” AI – after all, the perceptron, a foundational building block of
today’s neural networks, was introduced as early as 1957 – there is a clear
overarching trend: the gradual shift from knowledge-driven AI to data-
driven AI.
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Knowledge-driven AI Knowledge-driven, or symbolic, AI is a type of
AI where human knowledge is formalized and explicitly encoded into the
model in a top-down fashion [Montani and Striani, 2019]. This is typically
seen as the more traditional form of AI. Examples include:

• Expert systems, which mimic human decision-making by operating on
a set of human-defined rules [Russell and Norvig, 2009].

• Knowledge graphs, which structure domain-specific information by
formalizing key concepts within a domain and the relationships be-
tween them [Russell and Norvig, 2009].

• Expert-defined Bayesian networks, which are probabilistic graphical
models that represent variables and the conditional independencies
between them, allowing probabilistic reasoning [Koller and Friedman,
2009].

Data-driven AI Data-driven AI refers to methods in which patterns are
automatically learned from (large amounts of) data in a bottom-up manner
[Montani and Striani, 2019]. This paradigm is typically associated with
more modern forms of AI. Examples include:

• Statistical machine learning methods, like logistic regression, decision
trees, or random forests [Russell and Norvig, 2009].

• (Artificial) neural networks, which are computational models inspired
by the brain and learn weights that map input signals to outputs
[Russell and Norvig, 2009].

• Modern deep learning methods [LeCun et al., 2015], which stack many
neural network layers into specialized architectures such as convolu-
tional neural networks or transformers, and are trained on large-scale
datasets.

As shown in Table 2.1, the distinction between knowledge-driven and
data-driven AI approaches is useful for highlighting general trends in their
respective strengths and limitations. Note however that this distinction is
not black and white. There are knowledge-driven systems which can learn
part of their logic from data. For example, Bayesian networks allow the
conditional independence structure between variables and the probabilistic
relationships among them to be defined entirely by an expert, learned en-
tirely from data, or specified in a hybrid approach [Koller and Friedman,
2009]. On the other hand, data-driven approaches are not devoid of human
knowledge: LLMs can implicitly acquire human knowledge from large text
corpora [Singhal et al., 2023, Shah et al., 2023] (including Wikipedia, sci-
entific literature, or even broader web sources), while retrieval-augmented
language models do not store all knowledge internally but instead learn
to query an external knowledge database to find the relevant information
needed to solve a task [Lewis et al., 2020].
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Table 2.1: Comparison between general trends in strengths and limitations
of knowledge-driven AI versus data-driven AI.
Knowledge-driven AI Data-driven AI
Knowledge-driven models are gen-
erally interpretable and reliable for
high-stakes decisions. A user can
easily verify that the model’s predic-
tions make sense and are based on an
appropriate reasoning path.

Data-driven models are usually less
interpretable. Some statistical ma-
chine learning methods are partially
interpretable [Lundberg et al., 2020]:
for example, the coefficients of a lo-
gistic regression model indicate fea-
ture importance, and a decision tree
has a human-readable form. How-
ever, modern deep learning meth-
ods are typically opaque due to their
large number of parameters [Rudin,
2019]. Consequently, they either re-
main a black box or require sub-
stantial effort to explain their pre-
dictions [Zhao et al., 2024, Sadeghi
et al., 2024].

Knowledge-driven AI models are
typically feasible only for small-
scale, specific use cases, as they
require experts to manually define
rules and formalize their knowl-
edge. The benefit of this man-
ual effort is that these models pro-
vide strong guarantees of robustness
within well-defined domains, making
them suitable for high-stakes deci-
sions.

Data-driven models can be scaled
according to the amount of available
data. By learning arbitrary patterns
from the data, they can become
more general, provided the training
data adequately represents the de-
ployment domain. However, there
are no formal guarantees that these
models will generalize beyond the
distribution of their training data,
leaving them vulnerable to unex-
pected errors, bias, or failures when
confronted with out-of-distribution
inputs [Aung et al., 2021, Sanchez
et al., 2022].

Knowledge-driven models can auto-
mate human decision processes, but
cannot discover new knowledge pat-
terns without human intervention.

Data-driven models can automati-
cally process large volumes of data
and infer new patterns or conclu-
sions that may extend beyond hu-
man intuition.
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Figure 2.1: Example BN for diagnosis of pneumonia.

We now provide an introduction to Bayesian networks, a knowledge-
driven technology that is pivotal to the work done in this dissertation.
Then, we provide a short introduction to neural networks and large lan-
guage models, two related data-driven technologies that are used in this
dissertation.

2.2 Bayesian networks
In this section, we assume that the reader has some basic notion of graphs,
as well as probability theory, including the concept of conditional indepen-
dencies and the use of Bayes’ theorem. For more information and formal
definitions, we refer to Koller and Friedman [2009].

2.2.1 Components of a BN
A Bayesian Network (BN) is a probabilistic graphical model that represents
how different variables probabilistically depend on one another. Figure
2.1 shows an example BN for the diagnosis of pneumonia, which relates
this diagnosis to two symptoms (cough and fever), as well as a background
condition (asthma). A BN is made up of two ingredients: a graph structure,
and a set of conditional probability distributions, one for each variable.

A Directed Acyclic Graph (DAG) encodes conditional independen-
cies between variables, by representing them as nodes in a graph. For exam-
ple, from the DAG in Figure 2.1, we can infer that fever is conditionally inde-
pendent from cough given pneumonia: fever ⊥⊥ cough | pneumonia. This
means that once we know a patient has pneumonia, learning whether they
have a cough provides no additional information about whether they might
also have a fever, since both symptoms are explained by the same underly-
ing cause. In contrast, if we do not know whether a patient has pneumonia,
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then fever becomes conditionally dependent on cough: fever ⊥̸⊥ cough.
In this case, observing a cough makes pneumonia more likely, which in turn
increases the likelihood of fever. The DAG contains additional conditional
independence relations (eight in total), but deriving these is beyond the
scope of this introduction. Finally, note that the BN here is a simplified ab-
straction: it omits many relevant clinical factors, meaning these conditional
independence relationships would not necessarily hold in real diagnostic set-
tings.

Having discussed the conditional independencies encoded in the DAG,
we can now turn to what this structure allows us to represent: the full joint
probability distribution over all variables in the network. A BN factor-
izes this joint distribution into a product of local conditional probability
distributions, one for each node given its parents. The joint probability dis-
tribution for the BN in Figure 2.1 is defined as follows (here, we abbreviate
pneumonia by pneu):

P(asthma, pneu, cough, fever) = P(asthma)P(pneu | asthma)

P(cough | asthma, pneu)P(fever | pneu) (2.1)

To define this joint probability distribution, one needs only to define the
probability distribution for each variable, conditional on its set of parents.
For discrete variables, this can be done through a Conditional Proba-
bility Table (CPT). These CPTs are shown in Figure 2.1 for each of
the four variables in our BN. Here, all variables are binary, taking on two
possible values (“yes” or “no”). For example, to define P(fever | pneu), we
simply need to define the probabilities P(fever = yes | pneu = yes) and
(fever = yes | pneu = no). The complementary probabilities P(fever =
no | pneu = yes) and P(fever = no | pneu = no) are automatically de-
termined by the law of total probability. These conditional probabilities
together form the CPT for fever, storing a probability for each possible
combination of parent and child values.

2.2.2 Defining or learning the BN
Now that we know that a BN is fully defined by its DAG and conditional
probability distributions, the question remains how to obtain these. Usually,
the DAG is defined by an expert or a panel of experts for a specific use case,
based on general clinical knowledge or their own experience [Kyrimi et al.,
2020]. Alternatively, the DAG can be learned from data using structure
learning algorithms [Koller and Friedman, 2009], which determine which
variables are connected and the directions of their dependencies. How-
ever, using this data-driven approach comes at a cost: we lose one of the
key strengths of BNs, namely their ability to naturally incorporate expert
knowledge.

Similarly, conditional probability distributions can either be specified
by an expert or learned from data using parameter estimation techniques
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[Koller and Friedman, 2009], with the latter being more common. The
simplest approach is maximum likelihood estimation, which requires com-
plete data, i.e., every variable in the BN must be observed in each sam-
ple. In this method, each conditional probability distribution is learned
independently from one another, based on the observed samples. For in-
stance, to learn the CPT for fever, we can analyze a dataset containing
samples such as {fever = yes, pneu = no}, {fever = yes, pneu = yes},
{fever = no, pneu = no}, and so on. By examining the co-occurrence of
the child variable fever with its parent pneumonia across all possible value
combinations, we can populate the corresponding CPT.

We can therefore conclude that a BN can be fully defined by an expert,
fully learned from data, or any combination of the two. For example, experts
can contribute partially by specifying certain probability distributions, while
others are estimated from data. In our example BN, if the prevalence of
asthma in the general population is well-documented in the literature, it
can be set to a fixed value. Meanwhile, probabilities that are less certain,
such as the likelihood of fever given pneumonia, can be learned directly
from observed data.

2.2.3 Sampling and Bayesian inference
Once a BN is fully specified, it can be used to perform two key operations:
sampling and Bayesian inference.

Sampling The joint probability distribution encoded by a BN can be
treated as a ground-truth data distribution, from which new data points
can be generated. Sampling is typically performed in a top-down manner,
starting from the root nodes (variables without parents, e.g., asthma) and
proceeding to the leaf nodes (variables without children, e.g., cough and
fever). At each step, the value of a child node is sampled conditionally on
the values of its parent nodes. In our example, we would start by sampling
asthma according to its marginal distribution, P(asthma); for instance, we
might obtain {asthma = yes}. Next, we sample pneumonia conditioned
on the sampled value of asthma, using P(pneu | asthma = yes). We then
proceed similarly for cough and fever, sampling each node based on the
values already sampled for its parent nodes. By repeating this process, we
can generate synthetic samples that are consistent with the probabilistic
dependencies encoded in the network.

Bayesian inference Crucially, we can also use the BN to infer the prob-
ability for any target variable, provided the values of a set of evidence vari-
ables. For example, we can calculate P(pneu = yes | asthma = no, fever =
yes), where pneumonia is the target, and fever and asthma are the evidence
variables. The most straightforward way to perform exact Bayesian infer-
ence is through variable elimination. We now illustrate this process on an
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example, to provide the reader with an intuitive understanding. For formal
definitions, we refer to [Koller and Friedman, 2009].

To calculate P(pneu = yes | asthma = no, fever = yes), we apply
Bayes’ rule to transform the conditional probability into a fraction of joint
probabilities:

P(pneu = yes | asthma = no, fever = yes) =

P(pneu = yes, asthma = no, fever = yes)

P(asthma = no, fever = yes)
(2.2)

We can obtain these joint probabilities by marginalizing over the full
joint probability distribution in Equation 2.1. Here, marginalizing means
summing over all possible values for any variables whose values are not ob-
served in the joint probability distribution. In the numerator of Equation
2.2, this entails summing out all variables that are neither targets nor ev-
idence (here, cough), while in the denominator this entails summing out
all variables that are not evidence (this includes both cough and the target
pneumonia):

(2.2) =

∑
vc

P(asthma = no, pneu = yes, cough = vc, fever = yes)∑
vc

∑
vp

P(asthma = no, pneu = vp, cough = vc, fever = yes)

=

∑
vc

P(asthma = no)P(pneu = yes | asthma = no)

P(cough = vc | asthma = no, pneu = yes)P(fever = yes | pneu = yes)∑
vc

∑
vp

P(asthma = no)P(pneu = vp | asthma = no)

P(cough = vc | asthma = no, pneu = vp)P(fever = yes | pneu = vp)
(2.3)

Here, we sum over all possible values for cough, with vc ∈ {yes, no},
and pneumonia, with vp ∈ {yes, no}. We can now simplify Equation 2.3
by realizing that P(asthma = no) appears in both the numerator and de-
nominator, so we can remove it. Furthermore, we can move the factors
P(pneu = yes | asthma = no) and P(fever = yes | pneu = yes) outside of
the summation over vc, as they do not contain the iterator vc.

(2.3) =

P(pneu = yes | asthma = no)P(fever = yes | pneu = yes)∑
vc

P(cough = vc | asthma = no, pneu = yes)∑
vp

P(pneu = vp | asthma = no)P(fever = yes | pneu = vp)∑
vc

P(cough = vc | asthma = no, pneu = vp)

(2.4)

In Equation 2.4, we notice that the sum over cough is isolated in both
the numerator and denominator. Due to the law of total probability, we
know that these sums calculate to 1, and we can remove them. This leaves
us with the following expression:

(2.4) =
P(pneu = yes | asthma = no)P(fever = yes | pneu = yes)∑
vp
P(pneu = vp | asthma = no)P(fever = yes | pneu = vp)

(2.5)

Finally, we can fill in all values from the CPTs in Figure 2.1 to calculate
the target probability.
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P(pneu = yes | asthma = no, fever = yes)

=
P(pneu = yes | asthma = no)P(fever = yes | pneu = yes)

P(pneu = yes | asthma = no)P(fever = yes | pneu = yes)
+ P(pneu = no | asthma = no)P(fever = yes | pneu = no)

=
0.03× 0.70

0.03× 0.70 + 0.97× 0.15
= 0.126

(2.6)

Clinical reasoning through Bayesian inference The Bayesian infer-
ence process helps us address the key questions that arise during clinical
reasoning, as introduced in Section 1.3.2. Below, we present examples of
questions a clinician might consider when diagnosing pneumonia, and show
how each can be translated into conditional probabilities that can be eval-
uated using the BN in Figure 2.1. Note that all probabilities mentioned
below were obtained using variable elimination, although we do not write
out the full procedure here.

First, a primary care physician might ask themself what the prior prob-
ability is for any patient to have pneumonia, without knowing anything else
about this patient. In our example, the prior is P(pneu = yes) = 0.0319,
which is quite low. When an asthmatic patient walks in who also has
a cough, the posterior probability can be calculated as P(pneu = yes |
asthma = yes, cough = yes) = 0.0952, which is higher. However, this
probability still does not exceed the physician’s action threshold, meaning
it remains unlikely that the patient has pneumonia and therefore would
need treatment. For this reason, it would be sensible to gather additional
evidence, for example, whether the patient has a fever.

Before gathering this evidence, it is useful to consider what information
it is likely to provide. Suppose the physician decides to check whether the
patient has a fever. If the patient does not have a fever, the posterior prob-
ability P(pneu = yes | asthma = yes, cough = yes, fever = no) decreases
to 0.0358. Conversely, if the patient does have a fever, the posterior prob-
ability P(pneu = yes | asthma = yes, cough = yes, fever = yes) increases
to 0.329.

In this case, the physician can conclude that assessing the patient’s fever
status is informative, as it can substantially increase or decrease their confi-
dence in a pneumonia diagnosis. If these probabilities were much closer to-
gether (e.g., if P(pneu = yes | asthma = yes, cough = yes, fever = no) =
0.08 and P(pneu = yes | asthma = yes, cough = yes, fever = yes) = 0.12),
gathering information on fever would provide little added value, and the
physician’s effort would be better spent obtaining other evidence. In our
example, checking for fever is a low-effort task, but evaluating the usefulness
of additional evidence becomes particularly important when that evidence
is costly or difficult to obtain, such as an X-ray or blood test.
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2.2.4 BNs as clinical decision support systems
BNs have been used in research settings to model a wide range of med-
ical conditions [McLachlan et al., 2020b, Arora et al., 2019b]. They are
most commonly employed as diagnostic tools, and less frequently as inter-
ventional tools, such as for providing treatment recommendations [Kyrimi
et al., 2021e, McLachlan et al., 2020b]. To illustrate both the potential and
the limitations of BNs, we now discuss how they either address or fall short
in addressing the three challenges for AI in healthcare introduced in Section
1.3.

Challenge 1: Building trust through interpretable and expert-
guided decisions BNs are well suited to this challenge, as they combine
an interpretable causal DAG structure with a transparent Bayesian infer-
ence process. As illustrated in the discussion above, a BN can be queried
to help the user understand its input-output behavior. Allowing the user to
modify the input (evidence) and observe how the output (the probability
of one or more target variables) changes, fulfills a key requirement for user-
centric explainable models [Sadeghi et al., 2024, Sterckx and Van Biesen,
2024]. The process of variable elimination is also technically interpretable,
since it makes explicit how the final probability is derived from the con-
ditional probabilities defined within the BN. However, as more variables
are added, it becomes increasingly difficult to trace the exact path from
evidence to predicted probability. Methods such as the one proposed by
Kwisthout [2023] can support users in understanding and trusting the de-
cisions produced by the BN.

Furthermore, expert knowledge is explicitly embedded in the DAG at
the core of the BN. If desired, experts can also contribute to defining parts
of the conditional probability distributions, or to validating distributions
that are learned from data. In this way, BNs integrate data and expert
knowledge effectively and in an interpretable manner.

Challenge 2: Modeling clinical reasoning under uncertainty As
illustrated in the discussion above, BNs are an ideal tool for formalizing the
process of clinical reasoning, in which a clinician iteratively poses proba-
bilistic questions that can be answered by the BN. BNs explicitly model
uncertainty and therefore provide probabilistic predictions that are well-
calibrated by design, provided that the network’s structure and parameters
accurately reflect the true data-generating process. Additionally, the BN’s
ability to handle missing evidence – a form of uncertainty in itself – is a sig-
nificant advantage for diagnostic decision-making. Even when information
is missing for some variables, the BN can still estimate the probability of
the target disease based on the available evidence.
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Challenge 3: Integrating multi-modal health data BNs’s limited
ability to handle realistic medical data has been cited as a major barrier to
their wider adoption in clinical practice [Kyrimi et al., 2021c]. BNs perform
well primarily in discrete settings with a relatively small number of vari-
ables, as in our pneumonia example. In such cases, the variable elimination
procedure (which sums over all possible values of variables not included in
the evidence or target set) is feasible. However, this exact inference pro-
cedure becomes computationally intensive and possibly infeasible when the
BN contains many variables or when variables have many possible states. In
these situations, approximate inference methods, such as Monte Carlo sam-
pling or variational inference, can be employed [Koller and Friedman, 2009].
These methods, however, typically trade off transparency and simplicity for
computational efficiency.

Inference becomes even more challenging when continuous variables are
present in the network. These are variables that do not have a fixed number
of discrete classes, but instead take values across a continuous range. For
example, instead of representing fever as a binary variable, we could use
temperature, expressed in degrees Celsius. When continuous variables are
involved, exact inference becomes intractable, as it requires integrating over
all possible values of the continuous variables rather than summing over a
finite set of discrete states. In such cases, Bayesian inference must rely on
sampling methods, variational approximations, or discretization strategies
[Koller and Friedman, 2009].

A further obvious limitation in the context of medical data is that BNs
cannot directly handle unstructured data, since all variables must be explic-
itly defined as either discrete states or continuous values. Text, images, or
other unstructured data must first be transformed into structured features
before they can be incorporated into the BN.

2.3 Neural networks
(Artificial) Neural Networks (NNs) are loosely inspired by how neurons in
the human brain process information [Russell and Norvig, 2009]. They are
trained to map a set of input signals to an output, effectively learning an
arbitrary transformation from input to output. An NN consists of layers
of interconnected neurons, where each neuron applies a simple transfor-
mation1:

output = activation

(∑
i

wi × xi + b

)
(2.7)

In this expression, the input signals xi are transformed into an output
signal via a set of learnable parameters: the weights wi and the bias b.

1Here, we aim only to provide intuition for how NNs operate, rather than a formal
mathematical description.
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The activation function, typically chosen to be non-linear, enables the NN
to represent complex patterns that cannot be captured by a purely linear
transformation.

By placing many neurons side by side within a layer, an NN can trans-
form a set of input signals into a set of outputs through a matrix of learnable
weights and biases. We can then stack these layers, by making the output
of the previous layer the input to the next layer, forming a deeper NN. The
network’s parameters (i.e., all weights and biases across all neurons and
layers) are learned through an iterative procedure known as backpropaga-
tion. Here, the NN is presented with a set of training inputs together with
their corresponding desired outputs. The network produces its predictions,
compares them to the true outputs, and then updates its parameters in the
direction that reduces the error, based on the gradient of that error. Given
enough neurons and enough training data, an NN can approximate any con-
tinuous function from inputs to outputs with arbitrary accuracy, according
to the universal approximation theorem [Russell and Norvig, 2009].

Deep neural networks This principle forms the foundation of deep
learning: by stacking many layers in an NN, the model can learn increas-
ingly complex patterns from large amounts of data. Deep networks become
even more powerful when their architecture incorporates an appropriate in-
ductive bias: a set of assumptions that guide how the model generalizes
beyond its training samples [Mitchell, 1980]. These biases can be built di-
rectly into the network’s structure and are often tailored to a specific type
of input data.

For example, convolutional NNs are highly effective for image processing
because they embed two key inductive biases [Sarvamangala and Kulkarni,
2022]: locality, stating that nearby pixels in an image are more closely re-
lated than distant ones, and translation equivariance, stating that a mean-
ingful visual feature (such as an edge or a corner) should be detectable
regardless of where it appears in the image. Convolutional NNs realize
these biases by connecting each neuron only to a small local region of the
input (the receptive field) and by sharing weights across spatial positions.

Another example is transformers, which are designed for processing se-
quences such as natural language. Their central inductive bias is the ability
to model long-range dependencies [Vaswani et al., 2017]. Through the at-
tention mechanism, any element of an input sequence can directly relate to
any other, allowing the model to capture context over long distances.

Integrating such inductive biases into NN architectures has led to the
development of powerful building blocks for modern AI, including but not
limited to convolutional NNs and transformers. These building blocks fuel
today’s dominant models, including large language models, which we discuss
in the next section.
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2.4 Large language models
NNs form the foundation of the Large Language Models (LLMs) widely used
today. We begin by outlining, in broad terms, how NNs can be adapted and
extended to obtain an LLM. We then discuss two specific forms of LLMs:
foundation models and clinical embedding models.

2.4.1 From NNs to LLMs
There are three paradigm shifts which underlie the development of LLMs
from NNs: increasing NN width and depth, introducing specialized neural
modules, and training on large language corpora.

Increasing NN width and depth Deep NNs can be constructed by
increasing both the depth and width of their layers. Greater width refers
to having more neurons per layer, while greater depth refers to stacking
more layers. As width and depth grow, so does the number of learnable
parameters (i.e., weights). In this way, the number of parameters in LLMs
can range from tens of millions to hundreds of billions or more [Wang et al.,
2023a]. For example, it has been speculated that the number of parame-
ters in GPT-4 (the primary backbone LLM used in ChatGPT until August
2025) is more than a trillion (1012), though the exact number has not been
disclosed.

Specialized neural modules The neural architecture behind LLMs is
not simply a single large deep NN. Instead, it is composed of multiple neural
modules, each serving a specific purpose, from tokenization (converting text
into discrete tokens, such as words or subwords, for the model to process)
to embedding (mapping text to vectors that capture semantic meaning)
[Wang et al., 2023a]. A central module is the transformer, a type of NN
that processes sequential data, such as text, in parallel. Unlike standard
NNs, the transformer uses a self-attention mechanism to learn contextual
relationships between tokens within a sequence [Vaswani et al., 2017]. LLMs
stack many transformer blocks on top of one another to build increasingly
rich representations of text.

Training on large language corpora A model with such a large number
of parameters also requires an enormous amount of data to learn those
parameters effectively and to accurately represent the phenomena it models.
LLMs are trained on free text, which does not need to be structured or
labeled, opening the door to vast textual data sources. Scientific literature,
books, Wikipedia, social media, news websites, and many other types of
publicly available text can all form part of an LLM’s training corpus [Wang
et al., 2023a].
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2.4.2 Foundation models
A foundation model is a type of LLM that is pre-trained on large-scale,
heterogeneous data and can be adapted to a wide range of downstream
tasks. The most influential foundation models are sufficiently large and
general to operate across multiple domains. For example, GPT-4 has been
trained on data from many different fields and can be applied to tasks within
those domains, including the medical domain [Wang et al., 2023a].

Medical foundation models Rather than building general-purpose mod-
els, it can be more effective to develop models that are specialized for a single
domain. This is the philosophy behind medical foundation models [Wang
et al., 2023a, Shah et al., 2023]. These models are trained on clinical cor-
pora, which may include biomedical research publications, clinical notes,
and other forms of EHR data. Examples of medical foundation models
include:

• BioBERT, which is trained on PubMed abstracts and PMC full-text
articles [Lee et al., 2020].

• ClinicalBERT, which is trained on clinical text from the MIMIC-III
database, containing real-world EHR records from over 40,000 patients
[Huang et al., 2019].

• Med-PaLM, which is adapted from a general-purpose LLM (PaLM)
by finetuning on in-context medical examples and optimizing it for
medical question answering [Singhal et al., 2023].

• MedGemma, which is trained on a mixture of text-only datasets (such
as medical question-answer pairs) and multimodal datasets containing
both medical images and reports from domains such as radiology and
histopathology [Sellergren et al., 2025].

Fine-tuning vs. prompting There are two main approaches to adapting
foundation models for specific tasks.

The first approach is fine-tuning, where a model is initially trained on
general-purpose data (a process that requires substantial computational re-
sources) and then further trained on a smaller set of task-specific examples.
In this second step, the model’s weights are adjusted to optimize perfor-
mance for the target task. For instance, BioBERT was first trained on a
large corpus of biomedical literature, giving it a general understanding of
biomedical concepts and semantics [Lee et al., 2020]. This foundation allows
it to be fine-tuned for specific tasks in the domain, such as named entity
recognition in biomedical text.

The second approach is prompting, in which a large model that is already
adept at following instructions is provided with a detailed description of a
specific task. Unlike fine-tuning, prompting does not modify the model’s
parameters; instead, the model leverages its existing knowledge at inference
time to perform the task. For example, Med-PaLM has been instruction
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fine-tuned with in-context medical examples [Singhal et al., 2023], after
which it can be prompted to perform specific tasks by including instructions
and a few (typically one to ten) in-context examples. This paradigm is
familiar to users of commercial LLMs, such as ChatGPT.

Recently, we have been seeing a shift from fine-tuning toward prompting.
Prompting is more intuitive, requires only a handful of in-context examples,
and avoids the extensive computational cost associated with fine-tuning.
Fine-tuning an LLM often requires not only hundreds or thousands of task-
specific examples but also substantial hardware resources, including large
amounts of memory and access to high-performance GPUs.

Clinical applications In the medical domain, foundation models and
LLMs have been applied to a wide variety of tasks [Wang et al., 2023a].
These include text classification, such as the automated assignment of dis-
ease codes like ICD-10 [Rasmy et al., 2021]; automated radiology report
generation [Bannur et al., 2024], where a vision-language foundation model
can produce a report directly from a radiology image; and clinical informa-
tion extraction [Wang et al., 2018, Xu et al., 2024a], which will be discussed
in further detail in Section 2.5. Other applications include automated sum-
marization of patient records, support for clinical decision-making through
question answering, and medical knowledge retrieval from large corpora of
scientific literature [Wang et al., 2023a, Xu et al., 2024c].

2.4.3 Clinical embedding models
In addition to task-specific adaptation, some foundation models are de-
signed to primarily produce high-quality clinical embeddings [Wang et al.,
2023a]. Clinical embeddings are numerical representations of medical
concepts or text that capture their meaning in a way that is easily reusable
for downstream tasks. By converting sentences or entire clinical reports into
embeddings, texts with similar meaning are represented by vectors that are
close to each other in the embedding space, allowing algorithms to identify
and compare semantically similar content.

It is important to note that while all foundation models learn inter-
nal embeddings of text, not all are optimized to produce embeddings that
are directly useful for downstream tasks. General-purpose LLMs, for in-
stance, are primarily optimized to generate plausible and helpful responses
to instructions, rather than embeddings tailored for tasks like classification.
To address this need, specialized clinical embedding models have been de-
veloped, which are either smaller or adapted foundation models explicitly
trained to produce embeddings that capture meaningful clinical semantics.

Examples of such models include BioBERT [Lee et al., 2020] and Clini-
calBERT [Huang et al., 2019], which are pre-trained on large biomedical and
clinical corpora, as well as BioLORD, a model specifically designed to gen-
erate high-quality clinical embeddings. BioLORD achieves richer semantic
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representations of clinical sentences and biomedical concepts by ground-
ing them in definitions derived from established clinical vocabularies and
knowledge graphs, including SNOMED CT and UMLS [Remy et al., 2024].

Clinical embeddings can be leveraged for a variety of downstream tasks,
including sentence or text classification. For instance, text embedding mod-
els provide a cost-effective approach to text classification. In this workflow, a
clinical embedding model is used to generate a static text embedding, which
then serves as input to a lightweight model, such as a small feed-forward
NN, trained for the specific classification task. In Chapters 5, 6 and 7, we
will employ this approach to build simple text classifiers, as it is much more
accessible and resource-efficient than fine-tuning a full foundation model for
classification.

2.4.4 LLMs as clinical decision support systems
To illustrate the potential role of LLMs in clinical decision support, we
discuss how LLMs (and in a broader sense, NNs) are equipped or under-
equipped to address the challenges raised in Section 1.3.

Challenge 1: Building trust through interpretable and expert-
guided decisions Due to their immense size and vast parameter space,
LLMs are quintessential black-box AI models and are therefore not inher-
ently interpretable. Considerable research has focused on enhancing their
explainability [Zhao et al., 2024], with chain-of-thought prompting emerging
as a notable approach. Chain-of-thought prompting instructs the LLM to
produce a series of intermediate reasoning steps when generating an answer
[Wei et al., 2022]. This technique has been shown to improve performance
on tasks requiring complex reasoning and to make the LLM’s outputs more
comprehensible to humans. However, while it encourages users to scru-
tinize the model’s “thinking” process, it does not render the LLM truly
interpretable. The chain-of-thought is part of the model’s generated output
and does not reveal the actual inner workings of the LLM, which remain
inherently opaque.

We can also consider the role of expert knowledge in LLMs. Expert
sources, such as biomedical articles or clinical guidelines, are often included
in their training corpora, allowing the LLM to implicitly encode expert
knowledge. Some approaches go further by incorporating structured expert
knowledge during training. For example, BioLORD uses expert-defined
clinical ontologies to ground medical concepts in their definitions [Remy
et al., 2024]. However, expert knowledge can never be strictly enforced or
explicitly encoded in an LLM’s large architecture, because it is distributed
across millions of parameters rather than stored as discrete, enforceable
rules. Consequently, there are no formal guarantees that an LLM will retain
the expert knowledge it has seen during training or apply it correctly to
unseen scenarios.
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Challenge 2: Modeling clinical reasoning under uncertainty While
it has been suggested that chain-of-thought prompting enables LLMs to
mimic the (clinical) reasoning process of clinicians [Savage et al., 2024], an
LLM is essentially reproducing patterns it has seen during training by per-
forming large-scale text prediction. There are therefore no guarantees that
it is truly engaging in clinical reasoning. Indeed, a recent study compar-
ing the diagnostic decision-making capabilities of various LLMs concluded
that they performed significantly worse than physicians [Hager et al., 2024].
Furthermore, LLMs lack a formal representation of probability or uncer-
tainty – both statistical concepts that are notoriously difficult to express
in natural language [Reiner, 2018, Turner et al., 2021]. Accordingly, re-
search indicates that LLMs can be misled by non-decisive clinical cues in
patient presentations, disproportionately favoring rare diagnoses over more
prevalent conditions that provide a better overall fit [Omar et al.].

Stepping down from LLMs, one could argue that simple feed-forward
NNs for classification tasks are better equipped to handle uncertainty, as
they typically output class probabilities. However, these probabilities are
often poorly calibrated [Guo et al., 2017], meaning they do not reliably
reflect the true likelihood of an event. For example, a NN trained to predict
sepsis may assign a patient a 90% probability of developing the condition.
If, in reality, only 50% of patients with similar scores actually develop sepsis,
the model is poorly calibrated. Correct calibration of probabilities is crucial
for reliable clinical decision-making.

Challenge 3: Integrating multi-modal health data LLMs are par-
ticularly well-suited for handling unstructured text data, as this is precisely
the type of input they are trained to process. It goes without saying that
the current generation of powerful foundation models surpasses previous AI
models in their natural language processing capabilities. Moreover, multi-
modal foundation models, such as MedGemma [Sellergren et al., 2025], are
designed to integrate information from both medical text and medical im-
ages, enabling them to learn unified representations across multiple modal-
ities.

However, less focus has gone to integrating the structured, tabular por-
tion of the EHR into multi-modal foundation models. For instance, while
the textual component of EHRs was included in MedGemma’s training set,
the tabular data were not [Sellergren et al., 2025]. Although smaller embed-
ding models have successfully incorporated structured EHR data – such as
BEHRT [Li et al., 2020], MedM-PLM [Liu et al., 2022b], MedBERT [Rasmy
et al., 2021], and GatorTron [Yang et al., 2022] – larger foundation models
seem to have neglected this resource, favoring training on unstructured text
and image data instead.
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2.5 Clinical information extraction
So far, we have discussed Bayesian networks, which handle structured data
in an interpretable, expert-informed way, and large language models, which
excel at processing unstructured text data. We now turn to another perspec-
tive: transforming unstructured data into structured data through clinical
information extraction. This approach allows us to leverage the rich infor-
mation in unstructured text while enabling the use of more interpretable
downstream models.

Clinical Information Extraction (CIE) is the process of extracting
and encoding information from clinical text to convert it into a structured,
machine-learnable format that can be used for downstream tasks [Wang
et al., 2018]. This includes applications such as clinical decision support
systems that operate on structured inputs, as well as clinical research pur-
poses, including epidemiology, disease studies, and drug safety analysis.
Typically, CIE involves multiple sub-tasks [Wang et al., 2018], which we
illustrate with an example.

Example: Clinical information extraction

Clinical note: “A 68-year-old patient with a history of COPD presents
with a persistent cough. These symptoms have been gradually worsening
over the past two weeks, raising concerns about a possible exacerbation of
chronic obstructive pulmonary disease.”

First, named entity recognition identifies concept mentions or entity names
in the text. This includes disease names like “COPD” and “chronic obstruc-
tive pulmonary disease”, as well as symptom mentions like “cough”. Then,
coreference resolution links mentions that refer to the same semantic en-
tity. For example, it can determine that “COPD” and “chronic obstructive
pulmonary disease” refer to the same disease, and that “cough” and “these
symptoms” refer to the same symptom. Finally, relation extraction iden-
tifies relationships between concepts, entities, and their attributes. For
example, it might infer that “exacerbation” is an attribute of “chronic ob-
structive pulmonary disease” indicating disease progression.

Evolution of CIE tools The tools to perform (clinical) information ex-
traction have evolved throughout the years.

Originally, CIE was addressed using a modular pipeline, where each sub-
task was handled by a dedicated module [Wang et al., 2018]. For example,
named entity recognition could be performed using rule-based methods or
statistical approaches such as conditional random fields. These early meth-
ods required substantial human intervention, including the design of rules
and manual feature engineering for statistical models (e.g., prefix/suffix fea-
tures, word type features, etc.). Relation extraction, in turn, might rely on
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classifiers such as logistic regression or support vector machines, which pre-
dicted the presence of a relation between two extracted entities based on
manually engineered features.

With the emergence of deep NNs, manual feature engineering was largely
replaced by pretrained feature representations, though task-specific mod-
ules initially remained. As foundation models became more widespread,
end-to-end neural approaches emerged [Hahn and Oleynik, 2020]. Models
like BioBERT were pre-trained to capture internal semantic representations
of (bio)medical concepts and can be fine-tuned for specific information ex-
traction sub-tasks [Lee et al., 2020]. Consequently, variations of the same
underlying architecture could be applied to multiple components of the CIE
pipeline, reducing the need for separate hand-crafted modules.

The rise of LLMs has further shifted the paradigm toward generative
information extraction [Xu et al., 2024b]. In this approach, LLMs are
prompted to perform CIE according to a predefined schema specifying which
entities and relations to extract, often including in-context examples. This
allows all sub-tasks (including named entity recognition, coreference reso-
lution, and relation extraction) to be performed in a single generative pass,
eliminating the need for separate pipeline components.

(Dis)advantages of structuring text with CIE The primary advan-
tage of CIE is that it enables the use of information from unstructured text
in interpretable models, such as Bayesian networks or decision trees, which
require structured, tabular inputs. Additionally, experts can be involved
in defining a schema that specifies the types of information to extract, in-
cluding relevant concepts and their attributes. However, structuring text
with CIE inevitably entails some loss of information, as it is impossible to
capture all the nuances of natural language within a predefined schema. If
CIE is performed poorly, any downstream analyses or models built on the
structured data may rest on shaky foundations.

2.6 Neuro-symbolic AI
In Section 2.1, we introduced two broad categories of AI approaches: knowl-
edge-based and data-driven. In an effort to combine the strengths of tradi-
tional knowledge-based (or symbolic) AI with modern data-driven (or neu-
ral) AI, the field of Neuro-Symbolic (NeSy) AI was established [Marra et al.,
2024]. NeSy AI serves as an umbrella term for any method that integrates
symbolic reasoning into neural models, and our contributions in Chapters
4 through 7 can also be considered part of this paradigm.

Examples A notable contribution to the field of NeSy AI is DeepProbLog
[Manhaeve et al., 2018c]. ProbLog is a well-established probabilistic logic
programming language within symbolic AI, allowing expert-defined logical
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rules (predicates) to be expressed formally and extended with probabili-
ties to support reasoning under uncertainty. DeepProbLog augments this
framework with neural predicates, whose truth values are provided by an
NN. In this way, the probabilistic logical predicates encode expert or do-
main knowledge, while the neural components enable the system to process
unstructured data. Importantly, the parameters of both the probabilistic
predicates and the NN can be learned jointly from data, allowing end-to-end
differentiable training.

Another notable example are concept bottleneck models [Koh et al.,
2020, Barbiero et al., 2024]. These models introduce an interpretable set
of human-understandable concepts as a bottleneck layer within a neural
architecture. They typically consist of two components: an encoder, in
which an NN maps the input into higher-level concepts, and a predictor,
which generates the final output from these internal concepts. Because the
bottleneck concepts must be meaningful to humans, the training data must
include labels for them. The parameters of both the encoder and the predic-
tor can be learned jointly, enabling end-to-end training while maintaining
interpretability.

(Dis)advantages of NeSy AI Integrating symbolic reasoning into neu-
ral models makes it possible to inject expert-defined rules or concepts di-
rectly into the system, while still retaining some of the flexibility of neural
approaches for handling unstructured data. Because key rules are provided
explicitly rather than learned implicitly, NeSy AI methods can also be more
data-efficient than purely neural models. However, this increased inter-
pretability and expert guidance comes at a cost. Enforcing symbolic rules
constrains the neural components, which can limit their predictive accuracy
and representational power. Moreover, the requirement for expert involve-
ment in defining rules or concepts means that many promising NeSy AI
approaches have only been demonstrated on small-scale or synthetic prob-
lems. Finally, the integration of symbolic reasoning engines often makes
these methods less computationally efficient than end-to-end neural archi-
tectures.
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3
Contributions

In Chapter 1, we introduced three major challenges for AI in healthcare.
Chapter 2 explained why BNs are well equipped to address the first chal-
lenge, which emphasizes the need for interpretable and expert-informed clin-
ical decision support. They are also naturally suited to meet the second
challenge, as they provide a principled framework for clinical reasoning un-
der uncertainty. However, BNs currently fall short on the third challenge:
they cannot handle multi-modal EHR data, particularly unstructured text,
because they require structured input features. Neural models, like LLMs,
are much better suited to deal with this challenge.

To summarize, BNs already have the capabilities to address challenge 1
and 2, but they are currently hampered by their inability to deal with chal-
lenge 3. This dissertation therefore addresses the following central research
question: How can we augment Bayesian networks with textual
data for interpretable, expert-based, and uncertainty-aware AI in
the medical domain?

Before breaking down this overarching question into more specific re-
search questions addressed in the subsequent chapters, we first clarify the
scope of our research.

3.1 Data scope
As mentioned in Section 1.1, EHR data spans multiple modalities, which
can be broadly categorized into structured and unstructured data. In this
work, we focus specifically on structured tabular data and unstructured text
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data.

Structured tabular data refers to information that can be arranged in
a table, where each row represents a patient and each column corresponds to
a feature such as a past diagnosis, symptom, or clinical parameter. For the
purposes of this work, we treat this data as static. This is a simplification
of reality, where a patient’s clinical state evolves continuously over time.

Unstructured text data consists of free-form clinical narratives written
by caregivers to document patient encounters. These notes often contain
rich contextual information, including the reasoning behind clinical deci-
sions, details about symptom severity or onset, or justification for diagnoses
and referrals. Clinical notes may also partially overlap with structured data:
for example, discharge summaries may record clinical parameters that also
appear in tabular form, though often with varying levels of consistency be-
tween modalities [Kwon et al., 2024].

Because BNs readily accommodate structured tabular inputs, we con-
centrate on incorporating unstructured text so that clinical decision support
can leverage both tabular and textual evidence. We prioritize text over other
unstructured modalities (which are also part of challenge 3) because it is
the dominant unstructured data type in healthcare and captures essential
information for clinical decision making [Tayefi et al., 2021].

3.2 Research questions
In this dissertation, each chapter will tackle a specific research question, as
shown in Figure 3.1.

RQ1: Can neural networks mimic the causal and prob-
abilistic properties of a Bayesian network? (Chapter 4)
In Chapter 4, we investigate whether a BN is truly necessary to address chal-
lenge 1 and challenge 2, or whether an NN can mimic the key properties of a
BN. To explore this, we construct a neural Bayesian network understudy –
an NN trained to output conditional probabilities and thereby approximate
the functionality of a given BN. We further incorporate the conditional
independence relations encoded by the BN directly into the NN’s training
process.

Our results show that the NN can indeed serve as an understudy to
the BN, both approximating the probabilistic behavior and being informed
by the causal properties of its BN counterpart. However, we foresee that
training of the neural understudy will become increasingly inefficient as the
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SimSUM

RQ1: Can neural networks mimic the causal and

probabilistic properties of a Bayesian network?

RQ2: How can we automate clinical reasoning

across tabular and textual evidence?

RQ3: How can we overcome the lack of clinical bench-

marks which explicitly link tabular data and text?

RQ4: How can we perform patient-level informa-

tion extraction that consistently integrates tab-
ular and textual evidence?

RQ5: How can we model clinical uncertainty while

extracting information from medical reports?

Chapter 5Chapter 4

Chapter 6

Chapter 7 Chapter 8

Figure 3.1: Overview of the research questions explored in each chapter of
this dissertation.

size of the BN grows, due to the combinatorial listing of all possible condi-
tional probabilities at its input. Furthermore, the neural understudy lacks
the interpretability of a BN, as it embeds expert knowledge only implicitly,
rather than representing it explicitly within its architecture.

RQ2: How can we automate clinical reasoning across
tabular and textual evidence? (Chapter 5)
In Chapter 5, we show how a BN can be used to automate the clinical rea-
soning process in a use-case emulating the diagnosis of respiratory diseases
in primary care. We further augment the BN with neural text representa-
tions, enabling it to incorporate not only structured tabular evidence but
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also textual evidence.
We explore two strategies for integrating neural text representations into

the BN: a generative approach, in which we model a Gaussian distribution
over pre-trained text embeddings, and a discriminative approach, in which a
neural classifier predicts symptom classes from pre-trained text embeddings.
In both cases, the outputs of the neural text models are incorporated directly
into the Bayesian inference procedure, yielding a natural and principled
extension of the BN. Our results demonstrate the strengths of BNs for
formalizing the clinical reasoning process, as well as the clear added value of
incorporating unstructured text compared to relying solely on the available
structured features.

In this chapter, we first encounter the need for a benchmark dataset
linking structured tabular data and unstructured text, which we design for
the use case of respiratory diseases. We further extend this benchmark in
the next chapter, which brings us to the following research question.

RQ3: How can we overcome the lack of clinical bench-
marks which explicitly link tabular data and text? (Chap-
ter 6)
In Chapter 6, we build a benchmark dataset that links structured tabular
data with unstructured text for the domain of respiratory diseases. While
a limited number of real-world benchmark datasets exist that contain both
modalities (most notably MIMIC-III and MIMIC-IV [Johnson et al., 2016,
2023]) they are too complex to provide the controlled research environment
needed for developing and prototyping novel methods for integrating tabular
and textual information. To address this gap, we created SimSUM, a self-
contained simulated dataset comprising both structured and unstructured
medical records.

By design, the clinical concepts expressed in the unstructured text and
encoded in the structured tabular portion of SimSUM are linked through
a BN that captures relevant domain knowledge for respiratory diseases.
Generating the tabular data via a BN and the textual data via a prompt-
steered LLM provides full control over the data-generation process and en-
sures that this process remains transparent to the user. We conduct an
extensive evaluation of the dataset’s utility, including an expert assessment
of the generated clinical notes, a descriptive analysis of their content, and
baseline experiments using tabular-only and text-only models for a basic
symptom-prediction task.
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RQ4: How can we perform patient-level information ex-
traction that consistently integrates tabular and textual
evidence? (Chapter 7)
As explained in the previous two chapters, interpretable AI models usually
require structured tabular data. Through clinical information extraction
(CIE, as introduced in Section 2.5), we can transform unstructured text data
into structured tabular data, enabling its use in interpretable downstream
models.

In Chapter 7, we demonstrate how to integrate the predictions of both
a BN and a neural text classifier to perform patient-level information ex-
traction on the SimSUM dataset. While conventional CIE methods focus
on extracting clinical concepts solely from unstructured text, our approach
additionally leverages the structured tabular features already present in a
patient’s EHR. In our framework, these tabular features are modeled using
a BN, whereas symptom information is extracted from the unstructured text
using a neural classifier built on pre-trained text embeddings. To fuse the
predictions from both models in an interpretable and probabilistic manner,
we introduce the use of virtual evidence within the BN, augmented with a
consistency node. This design allows the BN to modulate the neural classi-
fier’s outputs, enabling it to handle missing information in the text and to
resolve contradictions between the textual and tabular evidence.

RQ5: How can we model clinical uncertainty while ex-
tracting information from medical reports? (Chapter
8)
In research questions RQ2, RQ3, and RQ4, we relied on expert knowledge
to define a BN (or at least its structure) to model uncertainty across both
tabular data and text. In practice, asking an expert to define a full BN
for a given use case is challenging, as it requires consideration of many rele-
vant differential diagnoses and background factors that shape the diagnostic
landscape for a set of diseases.

In Chapter 8, we relax the requirements of a BN and instead ask experts
to define diagnostic pathways: sets of deterministic, top-down relations from
differential diagnoses to significant findings. Because these pathways are not
complete, they cannot reason bottom-up from findings to diagnoses in the
same way a BN would. Instead, we use the diagnostic pathways to fill in
gaps in clinical reporting, addressing the implicit uncertainty that arises
when clinicians omit portions of their reasoning.

Furthermore, since we cannot use a BN to predict probabilities in this
context, we adopt a complementary approach to quantify explicit uncer-
tainty in clinical text. By analyzing the language used in clinical reports to
convey doubt about the presence or absence of a finding, we can quantify
the confidence associated with each reported finding.
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By combining these methods for modeling implicit and explicit uncer-
tainty, we can extract structured, uncertainty-aware information from un-
structured text. We specifically apply our methods to radiology reports,
where both implicit and explicit uncertainty are commonplace and convey
important information about the clinical reasoning process of the reporting
radiologist.

3.3 Publications
Below, we provide a full list of the research output produced during this
PhD. Not all of these works are directly related to the research questions
addressed in this dissertation, and are therefore not discussed further.
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4
Neural Bayesian Network Understudy

This chapter investigates whether a neural network can effectively replace a
Bayesian network. We introduce a neural Bayesian network understudy: a
neural model trained to output conditional probabilities while respecting the
Bayesian network’s conditional independence structure. This allows us to
assess how well such a network can reproduce the probabilistic and causal
behavior of its Bayesian network counterpart. While the understudy per-
forms well in mimicking these properties, it remains less interpretable than
Bayesian networks, as expert knowledge is encoded only implicitly.

* * *

Paloma Rabaey, Cedric De Boom, Thomas Demeester

Proceedings of the Workshop on Causal Machine Learning for Real-World
Impact (CML4Impact), NeurIPS 2022

Abstract
Bayesian Networks may be appealing for clinical decision-making due to
their inclusion of causal knowledge, but their practical adoption remains
limited as a result of their inability to deal with unstructured data. While
neural networks do not have this limitation, they are not interpretable and
are inherently unable to deal with causal structure in the input space. Our
goal is to build neural networks that combine the advantages of both ap-
proaches. Motivated by the perspective to inject causal knowledge while
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training such neural networks, this work presents initial steps in that di-
rection. We demonstrate how a neural network can be trained to output
conditional probabilities, providing approximately the same functionality
as a Bayesian Network. Additionally, we propose two training strategies
that allow encoding the independence relations inferred from a given causal
structure into the neural network. We present initial results in a proof-of-
concept setting, showing that the neural model acts as an understudy to its
Bayesian Network counterpart, approximating its probabilistic and causal
properties.

4.1 Introduction
Bayesian Networks (BNs) have been the subject of a large body of research,
and are considered an important technology for high-stakes decision mak-
ing, in particular in the healthcare domain. Kyrimi et al. [2021e] provide
a clear overview of the key properties that make BNs highly appealing in
that context: (i) their ability to model complex problems involving causal
dependencies as well as uncertainty, (ii) their ability to combine data and
expert knowledge, (iii) their interpretable graphical structure, and (iv) their
ability to model interventions and reason diagnostically as well as prognos-
tically. Despite efforts from the research community to support health-
care practitioners in using BNs [Arora et al., 2019b, Kyrimi et al., 2020],
their practical adoption remains very limited. The analysis of Kyrimi et al.
[2021c] indicates data inadequacies as one of several key limiting factors:
BNs have a limited capacity to address continuous data, and cannot di-
rectly deal with unstructured data such as images or free text. According
to Tayefi et al. [2021], the value of information entailed by unstructured
text fields in electronic medical records for clinical decision support cannot
be underestimated.

In contrast to BNs, neural networks are well-suited for dealing with
unstructured data. However, they are inherently not interpretable, which
stands in the way of clinical adoption [Montani and Striani, 2019, Peiffer-
Smadja et al., 2020b]. Whereas Hinton [2018] argues strongly in favour
of the adoption of neural networks in healthcare, he also recognises inter-
pretability as a property that is desired by practitioners.

Our envisioned research goal is to build models that combine the ad-
vantages of both approaches: a fully neural model that can be trained on
observations including unstructured data, but that also adopts the desir-
able properties of BNs as listed above. Realistically speaking, we can at
best expect only approximate probabilistic reasoning capabilities from a
generic neural network, and it will lack the direct interpretability of a BN.
However, if the model displays the causal properties of a BN, the ideas of
counterfactual explanation [Wachter et al., 2017] can be applied to explain
its predictions.
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This paper forms the first step along that outlined research track. We
focus on the problem of training a neural network on a given set of discrete
data samples as well as knowledge of a Directed Acyclic Graph (DAG) [Rus-
sell and Norvig, 2009] reflecting causal relationships between the variables.
We do not yet aim to augment such models with unstructured data, but
for now require that it behaves as a BN with the given DAG, if we were to
train it on the same samples. In this sense, our model can be considered a
neural understudy to the BN. We want to emphasise that our current pre-
liminary work does not aim to build a neural network which outperforms
its BN counterpart, but one that approximates its capabilities. After this
necessary first step, we expect to reap the benefits of the neural network
understudy by incorporating unstructured data. While the current work
presents results only in a proof-of-concept setting, the possibility to reason
under uncertainty, while combining causal structure and unstructured data,
has great potential in real-world (clinical) applications.

In short, this paper makes the following contributions: (1) we propose
a neural network model able to infer the probability of a set of target vari-
ables conditioned on observed evidence, (2) we introduce two approaches
for injecting DAG knowledge while training the neural network, and (3) we
present empirical results (including robustness analysis) in a small proof-
of-concept setting. The necessary code to reproduce these results can be
found in our Github repository.1

4.2 Related work
This section focuses on recent works most related to the proposed ideas; we
do not aim to provide a broad overview in terms of related research fields. A
basic premise for the presented work is the existence of causal knowledge in
addition to observational data, to be injected into a neural network model.
Our goal is therefore not causal discovery, intended to recover the causal
mechanisms underlying the distribution from which the observed data was
generated [Ke et al., 2019, Brouillard et al., 2020].

Geiger et al. [2022] present a method to align different parts of a neural
network with nodes in a causal graph, resulting in a model with improved
interpretability. Harradon et al. [2018] pursue a similar goal, summarising
a neural model into a Bayesian causal model, to provide counterfactual
explanations for the neural model. Instead of starting from a neural network
and using causal models to understand or guide its inner workings, we work
the other way round.

In Rohekar et al. [2018], conditional independencies in the input distri-
bution are encoded hierarchically in the network structure, as a way of per-
forming unsupervised neural network structure learning. Pawlowski et al.
[2020] and Parafita and Vitrià [2020] present each parent-child relation in
a given structural causal model as a deep neural network unit. While we

1https://github.com/prabaey/NBN-understudy

https://github.com/prabaey/NBN-understudy
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don’t explicitly align parts of the neural network with a causal model, we do
include structural information in the training process as a regulariser. This
is related to the work from Kyono et al. [2020], who propose a prediction
task with a regularisation objective to detect causal relationships between
features. It is not based on prior knowledge of causal relationships, as in
our work.

Attempts have been made to build neural networks that implement be-
lief propagation [Pearl, 1988b] to improve on accuracy and efficiency [Gar-
cia Satorras and Welling, 2021, Kuck et al., 2020]. Our proposed neural
networks also aim at answering probabilistic queries, but can freely learn
the inference mechanics from the data.

Another key related contribution is DeepProbLog [Manhaeve et al.,
2018c]. This neuro-symbolic model is able to implement our envisioned
goal: its probabilistic logic programming core can represent any BN ex-
actly, and its so-called neural predicates are able to encode unstructured
data. However, whereas a fully neural model can at best reason only ap-
proximately with probabilities, it may have some benefits over the exact
probabilistic reasoning component in DeepProbLog. Indeed, in future re-
search we aim to model complex realistic observational data. Some of its
properties a suitable model should be able to capture, may be hard to ex-
press in a probabilistic program.

Finally, our work is not to be confused with the so-called Bayesian neural
networks MacKay [1992], aiming to obtain a probability distribution over
neural networks. Instead, our goal is training a neural understudy for a
Bayesian network, i.e., a neural model that behaves similarly.

4.3 Training a neural understudy of a Bayesian
network

The following paragraphs describe our proposed neural architecture with
full flexibility in the choice of input and output variables (Section 4.3.1),
followed by our proposed training strategies to inject causal structure into
the model (Section 4.3.2).

4.3.1 Neural architecture and training
A fully specified BN can be queried by providing inputs to any selection of
variables (henceforth called the evidence), after which the probabilities for
each of the remaining variables (the targets) can be inferred, conditioned on
the evidence. We will require the same ability from our neural counterpart,
and show that this can be achieved by using complementary masks at its
inputs and outputs. This only induces restrictions on the input and output
layers but not on the internal neural architecture.
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Figure 4.1: Illustration: training with evidence E = {X1, X2} and targets
T = {X3}, for P (X3|X1 = x12, X2 = x21). The mask at the input (output)
indicates selection of evidence (target) entries.

We focus on problems involving a set of N discrete variables V =
{X1, X2, ..., XN}, in which Xi can take ni possible values in Xi = {xi1, ..., xini}.
Given a set E ⊂ V of m evidence variables (m < N), each with an assigned
value {E1 = e1, ..., Em = em} (for convenience written as E = e), our goal is
to train a neural network to predict the probability distribution P (X|E = e)
for each of the remaining variables X. The latter are called the target vari-
ables, aggregated in the set T = V \ E .

After training on an observed set of individual samples of the form {X1 =
x1, . . . , XN = xN}, our model should be able to deal with any selection
of evidence variables. The key idea to achieve that is through dynamic
masking (i.e., a different mask for any variable split E vs. T ): all variables
are present at the model input and output, but target variables are filtered
out of the inputs through an evidence mask, whereas predictions for the
evidence variables are filtered from the outputs through a target mask.
This is illustrated in Fig. 4.1.

Model architecture: Each input to the model is a vector vin of dimension
k =

∑N
i=1 ni, and is formed by concatenating the ni-sized one-hot represen-

tation of the value held by each of the N variables Xi (i = 1, . . . , N). The
masked positions of the target variables in vin are substituted by the cor-
responding components of a static vector v0. The input vin is subsequently
passed through one or more hidden layers, resulting at the output in a k-
dimensional vector of logits. These are then locally normalised through
softmax activations, for each variable Xi considering its corresponding ni

entries. The output vector vout is finally constructed by replacing the entries
at the positions of evidence variables, by the corresponding one-hot repre-
sentations from vin. The values corresponding to the target variables can be
interpreted as the predicted target distributions given the evidence. This is
illustrated in Fig. 4.1. Note that the k-dimensional vector v0 is obtained by
applying the linear output layer with per-variable softmax normalisation on
a randomly initialised trainable vector.
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Model training: Whereas a BN is naturally able to answer any query
once its Conditional Probability Tables (CPTs) are specified, we need to
explicitly train our neural network for that ability. To that end, we iterate
over the observed samples, randomly dividing the variables into evidence set
E and targets T , and minimise the average cross-entropy loss for the target
variables. The training loss can be expressed as LT = 1

|T |
∑

Xi∈T − log p̂ij ,
in which p̂ij denotes the entry in vout corresponding to the actual observed
input value xij of target variable Xi, i.e., the predicted output probability
for the target class of Xi.

Even though the model only receives discrete data samples and there-
fore never observes the class probabilities it is meant to predict, this train-
ing strategy steers the predicted probabilities towards the empirical (con-
ditional) class probabilities. It only requires that each sample’s frequency
of occurrence during training corresponds to its relative frequency in the
set of observations. Appendix 4.6.1 proves this for the canonical case of
two binary variables, but the presented derivation can be extended to the
multi-variable case.

4.3.2 Training with causal structure
We now propose the following two training strategies to augment the neural
network with knowledge of the causal structure between the variables. They
are based on the assumption that the causal knowledge can be represented
as a DAG, reflecting the (conditional) independence relations that exist
between the variables.

1. Injecting independence relations through regularisation (REG):
In general, we can say a given DAG implies M pairwise conditional inde-
pendence relations between two variables, conditioned on a set of observed
variables, shortly written as X ⊥ Y | A, with X,Y ∈ V and the conditioning
set A ⊆ V \ {X,Y }. The first proposed training strategy is to inject these
independence relations by constructing regularisation loss terms LREG

X⊥Y |A
that quantify how strongly the model violates them:

LREG
X⊥Y |A =

1

n

n∑
j=1

(
p̂(X = xj | A = a, Y = y)− p̂(X = xj | A = a, Y = y′)

)2
(4.1)

in which the summation runs over all n possible values of X. The model’s
predicted probability for X = xj with as evidence the assignment A = a
and Y = y, is denoted as p̂(X = xj | A = a, Y = y). The loss term
expresses that if the independence relation were satisfied by the model,
its predicted probability for any value of X, given any evidence A = a,
should be independent of the value assumed by Y . The conditioning set
A is randomly instantiated every time the corresponding loss term applies
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during training, and the values y and y′ of Y are chosen randomly (with
y ̸= y′).

During training, the regular loss LT per data sample is augmented with
the regularisation loss LREG of one sampled independence relation, weighted
with a hyperparameter α.

2. Injecting independence relations through evidence corruption
(COR): The second training strategy is based on the intuition that for
particular observed data samples, the value of some of the evidence variables
may no longer matter besides the other observed variables, when accounting
for the relevant independence relations. During training, we detect these
cases, and randomly corrupt (i.e., re-sample) those values in the evidence
presented to the network.

Consider training on a particular observed sample, the variables divided
into evidence E and targets T . We then go through the known independence
relations X ⊥ Y | A, to see which ones are relevant to the training instance.
This is the case if either of the following two conditions hold: (1) ({Y } ∪
A) = E and X ∈ T , or (2) ({X} ∪ A) = E and Y ∈ T . When condition
(1) holds, the predicted outcome of target X should not depend on the
observed value of Y , as prescribed by the independence relation, since the
conditioning set that is needed for this relation to hold is indeed part of the
evidence. The observed input value for Y can hence be disregarded, and we
randomly assign a new value from its possible classes. Such a corruption of
the input will condition the model to ignore Y when predicting X, given
that all variables in A are also provided as evidence. Note that predictions
for other variables in T need to be done based on the original (i.e., non-
corrupted) value for Y , as there is no guarantee that the same independence
relation holds for those targets as well. We apply a similar reasoning when
condition (2) holds, now corrupting the value of X instead of Y . If no
relevant independence relation is found for a given selection of evidence and
targets, the input sample is not corrupted and passed as-is to the model. In
Appendix 4.6.2, we consider the basic two-variable case and show that the
corruption strategy leads to the desired predicted probabilities.

4.4 Neural understudy of Bayesian network:
proof-of-concept

The experiments presented in this section aim at answering the following
research questions:

- RQ4.1: How does the basic neural network perform in comparison with
a Bayesian network trained on the same set of samples, in terms of
accuracy in predicted probabilities and in terms of sample efficiency?
(Section 4.4.2)
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- RQ4.2: What is the effect of injecting causal structure knowledge into
our neural network on its performance? (Section 4.4.2)

- RQ4.3: How does each model’s performance change when faced with a
partially incorrect specification of the causal structure? (Section 4.4.3)

To this end, we compare the following models, trained on an artificial
dataset of samples generated from a given joint distribution, as specified in
the next section:

- Bayesian network baseline (BN): Bayesian network with the cor-
rect DAG, its joint probability distribution estimated from the training
samples using Maximum Likelihood Estimation with a K2 prior (see
Appendix 4.6.3).

- Neural network baseline (NN): Basic neural network approach as
presented in Section 4.3.1, implemented in a single-layer feed-forward
model (see Appendix 4.6.4 for details).

- NN with DAG-based regularisation (NN+REG): This model ex-
tends the basic NN model with independence relation information, through
the regularisation technique REG (Section 4.3.2).

- NN with DAG-based corruption (NN+COR): This model, also
based on NN, injects independence relations during training with the
corrupted inputs strategy introduced in Section 4.3.2.

4.4.1 Evaluation
Asia

Tub

Smoke

Lung Bronc

Xray Dysp

Figure 4.2: The “Asia” BN
model, describing a basic
lung cancer detection sys-
tem (for details, see Ap-
pendix 4.6.3).

For the experiments in this section, we make
use of the “Asia” network based on [Lau-
ritzen and Spiegelhalter, 1988], as depicted in
Fig. 4.2. Despite its simplicity, with only 7 bi-
nary variables, it has sufficient connectivity be-
tween the variables to make the problem non-
trivial. Following the rules of D-separation
[Verma and Pearl, 1990], we can in total ex-
tract 191 unique independence relations from
its DAG, for the training strategies NN+REG
and NN+COR.

From the ground-truth “Asia” model (detailed in Appendix 4.6.3), we
can draw data samples to use as training instances. Through variable elimi-
nation [Russell and Norvig, 2009], we can build test queries with the ground-
truth conditional probabilities of target variables, for any particular assign-
ment of evidence variables. Just like during training, this means that one
query may contain multiple target variables. We can then evaluate models
by iterating through the test queries, and calculating the Mean Absolute
Error (MAE) between the predicted target distribution and the desired one.
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Figure 4.3: Comparison of 4 models in terms of total MAE and sample
MAE for different sizes of the training set. The lines reflect the mean across
10 random seeds, used to sample the training set and initialise the neural
networks. The shading represents the 95% confidence interval.

For each query, we compute the MAE per target variable, sum all their con-
tributions and divide by the number of targets in the query. We use two
different test sets. The first set contains all possible evidence assignments,
in total 2,059 queries, and leads to the total MAE. The second set con-
tains 1,000 queries, each constructed by drawing a sample from the joint
probability distribution, then randomly selecting the set of evidence vari-
ables, and obtaining the conditional probabilities for the target variables.
It measures the sample MAE, assigning more weight to the model’s per-
formance for queries with commonly observed evidence values, while the
total MAE puts equal focus on common as well as rare assignments of the
evidence variables.

4.4.2 Performance of Bayesian network vs. neural un-
derstudy

In Fig. 4.3 we compare the sample efficiency of our 4 models in terms of
total and sample MAE. For the NN+REG model, we set the regularisation
parameter α to 10. The training hyperparameters (hidden layer dimensions,
batch size, learning rate, number of training epochs) are kept fixed for all
neural models to allow for a direct comparison. Details on the training
process and hyperparameters are given in Appendix 4.6.4. The results allow
us to answer the first two research questions.

RQ4.1 (Sample efficiency) The proposed training strategy leads to neu-
ral understudy models that can approximately infer conditional probabil-
ities. For smaller training sets, the basic NN model shows similar perfor-
mance as the BN baseline in terms of total MAE. As the training set grows
larger, the BN model’s knowledge of the DAG structure allows it to sig-
nificantly overtake the basic NN model in terms of performance. The BN
baseline outperforms the neural models across the board when looking at
sample MAE, though the gap is not large.
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Figure 4.4: Boxplots visualising the total MAE for models receiving the
correct DAG (“base”) vs. a partially miss-specified DAG (“miss”), i.e., ei-
ther one edge removed (left) or added (right), for different models (BN;
NN+REG; NN+COR) trained on 100 observed samples. All train runs are
done for 5 random seeds, and for “miss” runs, 5 random DAG corruptions
are done (resulting in 25 runs per model for the “miss” setting).

RQ4.2 (Effect of including DAG info) Including information on the
DAG structure in the neural model improves its performance, with a more
visible effect on the total MAE. In terms of that metric, injecting the inde-
pendence relations during training allows the neural model to outperform
the BN baseline for smaller sample sets. The NN+REG model performs
slightly better than the NN+COR model, albeit not significantly. We hy-
pothesise that this stems from the REG technique systematically iterating
over all conditional independence relations, whereas the COR technique only
applies a relation when the randomly sampled evidence forms a match. The
strength of the neural models appears to lie in their improved performance
for rare evidence combinations, which are more heavily disadvantaged in
smaller datasets.

4.4.3 Robustness against miss-specification of causal
structure

We now explore the impact of injecting partially incorrect information on
the causal structure. To this end, we create 10 new DAGs, by randomly
removing or adding2 one edge at a time to the ground-truth DAG from
Fig. 4.2. While still being trained on samples from the correct “Asia” net-
work, the BN, NN+REG and NN+COR models now get their conditional
independence relations from a partially incorrect DAG. The results dis-
played in Fig. 4.4 allow answering the third research question.

RQ4.3 (Partially incorrect DAG) While the inclusion of DAG infor-
mation in the neural understudy brings clear additional benefits in terms of
total MAE compared to its most basic form, we must be careful to correctly
specify this causal structure. When we assume two variables to be inde-
pendent when they are not (i.e. by removing an edge in the DAG), both
the Bayesian baseline and the neural models become less stable, showing

2We were careful not to add edges which might introduce cycles in the network.
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higher variation across sample sets. Adding an edge in the DAG seems to
do no harm, since this makes for a more conservative estimate of the DAG
structure (we assume two variables to have some dependency when they do
not).

4.5 Conclusions and future work
We presented ideas for building neural networks that behave like Bayesian
networks. In future research we aim to combine the benefits of neural net-
works (i.e., encoding unstructured data) with some advantages of Bayesian
networks, such as their ability to combine uncertainty with causal structure.
As a first contribution in that direction, we presented a method to learn a
neural network model on observational sample data, and two strategies to
encode known causal relationships between the variables, by injecting inde-
pendence relations.

We tested our method on a single small-scale example, and saw that our
proposed training strategy generally works: our neural understudy models
(w.r.t. to their Bayesian Network counterpart trained on the same samples)
were able to make approximate predictions of conditional probabilities. The
inclusion of causal structure resulted in similar performance of the neu-
ral understudy compared to the BN baseline, with the neural understudy
slightly outperforming the BN under low-sample regimes when testing on
all possible queries. We saw the performance of the NN models become less
stable as soon as incorrect independence relations were injected, though this
behaviour was also observed for the BN.

We see multiple avenues for future work. We will first extend our experi-
ments to larger, more realistic settings, to see whether the conclusions based
on our small example still hold. We then aim to investigate how our models
can be extended towards continuous variables as well as unstructured data,
to be able to answer probabilistic queries concerning a combination of any
of these inputs. For example, we envision the use of pre-trained language
encoders, although that will require considerable adaptation of the straight-
forward model with corresponding discrete nodes at input and output.

4.6 Appendix

4.6.1 Sample-based training of neural network
We provide a small-scale proof of how optimising the cross-entropy loss for
the observed samples leads to probabilistic outcomes. While the illustrative
setting for which we provide the proof only concerns two binary variables,
the proof can be extended to a more general setting.
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Table 4.1: Absolute frequency
table showing the occurrence
of X = x and Y = y in the
hypothetical training set (ν =
n00 + n01 + n10 + n11).

x y abs. freq.
0 0 n00

0 1 n01

1 0 n10

1 1 n11

Assume we have two binary variables,
and observe ν samples {X = x, Y = y}
during every training epoch. The distri-
bution of the training data is shown in
Table 4.1. Our model simultaneously op-
timises three partial training losses, each
corresponding to a possible evidence mask:
LX→Y (target Y, evidence X), LY→X (tar-
get X, evidence Y), LXY (target X and Y,
no evidence). The random evidence/target
mask decides which loss is optimised dur-
ing which iteration, and the sum of these
three losses forms the overall training objective. We will calculate the op-
timum for each partial training loss and show that this leads to the desired
predictions for the targets at hand.

Evidence X, target Y : Optimising the partial loss LX→Y should lead us
to an estimate for query P (Y = y|X = x). The model returns a prediction
ŷx→y for target Y = y taking evidence X = x as an input. Taking into
account the frequencies of each sample as listed in Table 4.1, we obtain the
partial loss LX→Y as shown in Eq. (4.3). Here, we use the definition of
binary cross-entropy loss as listed in Eq. (4.2) and simplify by filling in the
possible values (0 or 1) for target y.

LCE = −ylog(ŷ)− (1− y)log(1− ŷ) (4.2)

LX→Y = −n01log(ŷ0→1)− n00log(ŷ0→0)− n11log(ŷ1→1)− n10log(ŷ1→0)

= −n01log(ŷ0→1)− n00log(1− ŷ0→1)− n11log(ŷ1→1)− n10log(1− ŷ1→1)
(4.3)

When given X = 0 as evidence, we will optimise this loss for ŷ0→1.
Equation (4.4) illustrates how calculating the partial derivative and setting
it to zero, leads to the optimum for ŷ0→1 (whereby ŷ0→0 = 1 - ŷ0→1). A
similar derivation for X = 1 leads to the optimum for ŷ1→1 (and ŷ1→0 = 1
- ŷ1→1). In other words, the predicted value for target Y moves towards its
relative frequency in the training set, conditioned on the observed evidence
values.

∂LX→Y

∂ŷ0→1
= 0 ⇒ ŷ0→1 =

n01

n00 + n01
;

∂LX→Y

∂ŷ1→1
= 0 ⇒ ŷ1→1 =

n11

n10 + n11

(4.4)
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Evidence Y , target X: Optimising the partial loss LY→X should lead
us to an estimate for query P (X = x|Y = y). The derivation is symmetrical
to the previous case, with the roles of X and Y switched.

No evidence, targets X and Y : By optimising LXY , the model jointly
optimises its predicted outcome for queries P (X = x) and P (Y = y). A
training case only contributes to this partial loss when the evidence mask
chooses both variables as targets. Now, we can write the loss as in Eq. (4.5),
where x̂ is the prediction for X = 1 given no evidence, and analogous for ŷ.
We use the same notation for the relative frequencies as before, and again
use the definition of binary CE-loss from Eq. (4.2).

LXY = −(n10 + n11)log(x̂)− (n00 + n01)log(1− x̂)

−(n01 + n11)log(ŷ)− (n00 + n10)log(1− ŷ)
(4.5)

Again, we can optimise the loss above for x̂ and ŷ. This leads to the
optima shown in Eq. (4.6). The optimum for x̂ simply corresponds to the
relative frequency of seeing X = 1 in the training set, which is indeed what
we want as a prediction for P (X = 1). The same goes for ŷ.

∂LXY

∂x̂
= 0 ⇒ x̂ =

n10 + n11

n00 + n01 + n10 + n11

∂LXY

∂ŷ
= 0 ⇒ ŷ =

n01 + n11

n00 + n01 + n10 + n11

(4.6)

We emphasize that the results above only hold if training happens uni-
formly over the available training instances, so that the frequency of occur-
rence of a target given a particular evidence actually corresponds with the
empirical probability in the training data. We ensure that this is the case
by properly shuffling our batches within each epoch.

4.6.2 Injecting independence relations through evidence
corruption

We again consider the simple setting of two binary variables X and Y ,
to show that the NN+COR method works as expected. We now add the
knowledge that X and Y are independent. The total loss is made up of
LX→Y , LY→X and LXY , as defined in Section 4.6.1. Since the DAG-based
corruption is only executed when the evidence set is not empty, only the
partial losses LX→Y and LY→X are affected. We zoom in on how to adapt
the first one according to this new setting and how this affects the predicted
outputs. The derivation for the other partial loss is symmetrical.

Say we receive a sample {X = x, Y = y} during training and the mask
indicates that X is evidence, while Y is the target. Since X ⊥ Y , the



54

value of the target y should be independent of the observed evidence value
x. Therefore, we corrupt the value of x, setting it to 1 with probability γ
and to 0 with probability 1 − γ. We can use the frequencies from Table
4.1 to write out the contribution of each training sample to the partial loss
LX→Y , taking into account that the evidence is corrupted for a fraction of
the training samples. This is depicted in Eq. (4.7). The predicted targets
ŷ0→1 and ŷ1→1 are defined in the same way as described in Section 4.6.1.

LX→Y =− (1− γ)(n01 + n11)log(ŷ0→1)− (1− γ)(n00 + n10)log(1− ŷ0→1)

− γ(n11 + n01)log(ŷ1→1)− γ(n10 + n00)log(1− ŷ1→1)

(4.7)

When taking the partial derivative of the loss as shown in Eq. (4.8),
we get the optima for Y = 1 with either value of X as evidence. Due to
the corruptions we implemented in the training process, we now get ŷ0→1

= ŷ1→1. The prediction for Y is indeed independent of the value of X
(in accordance to X ⊥ Y ) and simply equal to the relative frequency of
observing Y = 1 in the training set.

∂LX→Y

∂ŷ0→1
= 0 ⇒ ŷ0→1 =

n01 + n11

n00 + n01 + n10 + n11

∂LX→Y

∂ŷ1→1
= 0 ⇒ ŷ1→1 =

n01 + n11

n00 + n01 + n10 + n11

(4.8)

Note that the parameter γ plays no role in the optimum for ŷ. It does
not matter according to which distribution we corrupt the evidence. In
our implementation, we sample uniformly over all possible classes for the
variable in question to corrupt its value. We could also opt to pull a ran-
dom sample from the training set and switch out the value of the evidence
variable to its value in this sample.

4.6.3 Bayesian network implementation
We use the pgmpy Python library [Ankur Ankan and Abinash Panda, 2015]
(version 0.1.17) for sampling, training and inference in our BNs.

To train our BNs from observed samples, we use the Maximum Like-
lihood Estimator. This estimator studies the co-occurrence of particular
values of each variable and its parents in the training set, filling up the
CPTs as such. We use a K2 prior as a smoothing strategy, to counteract
the extremely skewed probability distributions that might appear in the
CPTs when particular combinations of variables are never observed in the
training set.

Artificial samples are generated from the ground-truth BN using the
method of forward sampling with a particular seed. As a ground-truth
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Figure 4.5: CPTs defining the ground-truth “Asia” BN, based on [Lauritzen
and Spiegelhalter, 1988].

Bayesian model, from which our artificial training and test sets are created,
we use the “Asia” model (see Fig. 4.2 for its DAG structure). The CPTs
that define its joint distribution with 20 parameters are shown in Fig. 4.5.

We use the technique of variable elimination to perform exact inference
on our BNs. There are some cases where this method fails because the query
contains some evidence combination it has never seen before. When coming
across such a case during test time, we simply throw out the evidence for
this particular query and take P (X) as an estimate. We believe this makes
for a fairer comparison than simply ignoring those queries, since our NN is
in fact able to provide an estimate for all queries, even if it has never seen
a particular evidence set before.

4.6.4 Neural network training details
Our neural network architecture and its training procedure are implemented
in Pytorch [Paszke et al., 2019].

As shown in Fig. 4.1, our neural network is made up of 3 layers. The
network receives an input vector of dimension k. In our “Asia” example, k
is equal to 14 (all 7 variables have 2 classes). First, the values of the target
variables (as selected by the evidence mask) are substituted by their respec-
tive value from v0. The full input is then transformed to dimension h, using
an input-to-hidden linear layer with tanh activation. Then, a hidden-to-
hidden linear layer of size h, again with tanh activation is applied. Finally,
the hidden-to-output layer transforms the activations back to dimension
k. This layer applies N softmax functions to transform the activations be-
longing to each variable separately into normalised probability values, as
depicted in Fig. 4.1.

For initialisation of the input vector on the positions of the target vari-
ables, we use the vector v0 of size k, obtained by applying the hidden-to-
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output layer to a trainable vector of size h, followed by the per-variable
softmax normalisation. When no evidence is present, v0 serves as the full
input vector, and leads to the model predicting the empirical mean proba-
bility for all variables.

We chose a hidden size h of 50, since we noticed this allowed enough
flexibility while still constraining the parameter space sufficiently to avoid
overfitting. With these dimensions, our network has 4014 trainable param-
eters in total. We use the Adam optimiser [Kingma and Ba, 2015] with a
learning rate of 0.001 and otherwise default parameters in Pytorch. The
training samples are fed to the neural model in batches of size 16, and the
model is trained for 500 epochs. In the NN+REG model, we additionally
use a regularisation batch size of 16.

The hyperparameter α controls the trade-off between training and reg-
ularisation loss. The MSE naturally has a smaller order of magnitude than
the cross-entropy loss, therefore rather large choices for α (10, 100, 1000)
work best. We settled for α equal to 10 since this seemed to lead to the
best performance of the NN+REG method, though we did not observe a
big difference between any choice of α within the range of 1 to 1000.



5
Clinical Reasoning over Tabular Data

and Text with Bayesian Networks

This chapter shows how a Bayesian network can automate clinical reasoning
in a use case emulating the diagnosis of respiratory diseases in primary care.
To this end, we develop a benchmark dataset linking tabular data and text,
which we introduce here and expand further in the next chapter. We extend
the Bayesian network with neural text representations, allowing it to process
both structured tabular evidence and unstructured textual input. We explore
both generative and discriminative strategies for incorporating neural text
representations into the Bayesian network, integrating their outputs directly
into Bayesian inference. Our results highlight the strengths of Bayesian
networks for modeling the clinical reasoning process and the added value of
including textual evidence alongside standard tabular features.

* * *

Paloma Rabaey, Johannes Deleu, Stefan Heytens, Thomas De-
meester

Proceedings of Artificial Intelligence in Medicine (AIME) 2024

Abstract
Bayesian networks are well-suited for clinical reasoning on tabular data, but
are less compatible with natural language data, for which neural networks
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provide a successful framework. This paper compares and discusses strate-
gies to augment Bayesian networks with neural text representations, both in
a generative and discriminative manner. This is illustrated with simulation
results for a primary care use case (diagnosis of pneumonia) and discussed
in a broader clinical context.

5.1 Introduction
The process of clinical reasoning lies at the heart of many interactions be-
tween a clinician and their patient [Yazdani and Hoseini Abardeh, 2019].
Clinical reasoning is the process by which a clinician integrates their own
knowledge with patient information (like symptoms, objective medical ev-
idence, background, medical history...), to arrive at a diagnosis and subse-
quent therapeutic options [Gruppen, 2017]. Cognitive biases and knowledge
deficits can cause errors in clinical reasoning, causing the clinician to arrive
at an incorrect diagnosis [Norman et al., 2017]. To help clinicians avoid
these pitfalls, it can help to (partially) automate the process of clinical
reasoning [Chin-Yee and Upshur, 2018, Yanase and Triantaphyllou, 2019].
Bayesian Networks (BNs) are ideally suited for this task, given (i) their
ability to model complex problems involving uncertainty, (ii) their ability
to combine data and expert knowledge, and (iii) their interpretable graph-
ical structure [Kyrimi et al., 2021g]. However, a key factor limiting the
adoption of BNs in clinical practice is their inadequacy to deal with real-
istic medical data [Kyrimi et al., 2021a], often a mix between structured
tabular variables (disease codes, timestamps, demographic features, lab re-
sults...) and unstructured text (consultation notes, discharge summaries...)
[Ford et al., 2016]. Encoding the information contained in the unstructured
text into structured variables not only requires (considerable) effort, but
also inevitably results in loss of information.

In this work, we explore how to integrate unstructured text data in
BNs, to facilitate joint clinical reasoning over structured tabular data and
unstructured text. To this end, we investigate a relevant use case in primary
care: diagnosis of pneumonia. We create an artificial yet realistic dataset,
allowing us to control several aspects of the data generation process. This
allows us to investigate the impact of different modeling approaches to inte-
grate text in the clinical reasoning process, and discuss their advantages and
pitfalls. By keeping the use case highly tangible for a clinical audience, we
aim to lower the bar toward real-world medical applications of the presented
technology.

Our main contribution is the study of different approaches to integrate
the neural representation of a textual variable in the BN. In particular, we
compare the properties of adding the text with a generative model (in the
space of neural text representations, fitted alongside the BN) vs. a discrim-
inative model (a text classifier jointly trained with the BN). We evaluate
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the performance of both approaches on the prediction of pneumonia in a
toy setting, and compare with baselines which are either missing the text
component or the BN structure. Based on the presented results, we discuss
(i) the advantages of including unstructured text, (ii) the properties of dif-
ferent approaches to achieve this, and (iii) the overall idea of performing
Bayesian inference for automated clinical reasoning involving textual data.

5.2 Related work
Since the topic of this paper touches on multiple different research domains,
we position our work in regards to the most relevant domains, without
providing an exhaustive overview of all related research.

Clinical reasoning This work follows the interpretation of clinical rea-
soning as an analytical process, where a clinician weighs up every piece of
evidence to reject or confirm a certain diagnostic hypothesis [Strauss et al.,
2018, Yazdani et al., 2017]. Starting from a set of differential diagnoses,
each with their own prior probability reflecting their prevalence in the pop-
ulation, clinical reasoning comes down to updating the likelihood of each
diagnosis with every new piece of evidence that comes in, using Bayes’ rule.
This results in a posterior likelihood for each diagnosis, which the clinician
takes into account for planning further steps.

Bayesian networks BNs form the perfect tool to formalize the process
outlined above [Kyrimi et al., 2021g]. Their interpretable graph structure
can help keep track of independencies between certain types of evidence and
particular diagnoses, and inference in BNs follows Bayes’ rule. BNs have
been used to model a wide range of medical conditions in research settings
[McLachlan et al., 2020a], including respiratory diseases such as pneumonia
and Covid-19 [Edye et al., 2021]. However, their deployment for clinical
decision making in practice remains limited, partly due to real-world data
challenges [Kyrimi et al., 2021a].

Clinical unstructured text The last few decades have seen an abun-
dance of electronic medical records being collected in clinical practice, which
form a useful source of data to build Clinical Decision Support Systems
(CDSSs). These records are usually made up of structured data (disease
codes, dates, treatment codes...), as well as free text [Ford et al., 2016].
Studies have shown that ignoring the information present in free text records
can results in data loss and bias in CDSSs [Price et al., 2016]. Nevertheless,
a large majority of CDSSs either completely disregards this unstructured
text [Peiffer-Smadja et al., 2020a] or applies information extraction tech-
niques to turn the text into tabular format, which then serves as input to
the CDSS [Ford et al., 2016]. Turning unstructured text into structured
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variables using information extraction methods (see, e.g., [Sterckx et al.,
2020]) and then building a predictive model on top of the structured fea-
tures has been applied to learning clinical BNs in the past [Ye et al., 2014,
Rotmensch et al., 2017]. Our work focuses on integrating the full unstruc-
tured text, removing the need for this information extraction step. Some
CDSSs are built on raw unstructured text, yet they often fail to integrate
it with the structured portion of the data [Peiffer-Smadja et al., 2020a,
Mujtaba et al., 2019]. Zhang et al. manage to successfully integrate both
through a multi-modal recurrent neural network that combines embeddings
of clinical text with static and time-varying features in the electronic medical
record, outputting a full patient representation that can be used for further
downstream prediction [Zhang et al., 2020]. We also represent clinical text
through neural representations, though we use a BN in combination with
feed-forward neural components to integrate these text embeddings with
the static tabular features in the reasoning process.

Neuro-Symbolic AI The integration of reasoning and learning has seen
considerable progress in recent years, in the field of Neuro-Symbolic (NeSy)
AI [Marra et al., 2024]. One strongly related contribution is the Deep-
ProbLog (DPL) framework [Manhaeve et al., 2018a]. The authors show
how a probabilistic logic program can be extended with neural predicates,
whereby a neural network converts an unstructured data item (like an im-
age) into class probabilities, that are then treated as regular predicates in
the logic program. Importantly, the parameters of the logic program and
of the neural networks encoding unstructured data can be jointly trained.
The discriminative model for integrating text nodes into BNs in this paper
corresponds to the neural predicates approach, since a BN can be seen as
a special case of a probabilistic program. In contrast, we also compare this
approach with a generative model in text representation space, and provide
a targeted discussion from the perspective of clinical reasoning.

5.3 Use case and data description
Our use case focuses on diagnostic clinical reasoning performed by a General
Practitioner (GP) [Yazdani et al., 2017]. One non-trivial task in primary
care is distinguishing pneumonia from an upper respiratory tract infection
(also known as the common cold), where the former is more serious and calls
for treatment with antibiotics. When a patient presents with respiratory
symptoms, a GP will apply clinical reasoning based on these symptoms and
a short clinical examination, ordering the necessary additional testing or
starting a treatment only if the probability for pneumonia exceeds a certain
threshold.

We create an artificial dataset that allows us to study automation of
the clinical reasoning process for the pneumonia use case, in the presence of
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Season

Pneu Inf

Background

Diagnosis

Symptom
Dysp Cough Fever Pain Nasal

No/Yes No/Yes No/Yes No/YesNone/Low/High

No/Yes No/Yes

Warm/Cold

3. Prompt Large Language Model
to generate clinical note

Text

Tabular
Text

Season Pneu Inf Dysp Cough Fever Pain Nasal

Warm No No No No None No No
Patient complaining of abdominal pain after eating; referred

for further evaluation.

Warm No No Yes No Low No No
Patient reports shortness of breath on exertion for the past
two weeks. No associated cough or chest pain. Low-grade

fever occasionally present.

Cold Yes Yes No Yes High Yes Yes
High fever accompanied by a persistent cough and chest

pain aggravated by deep breaths. Patient also reports
intermittent sneezing and blocked nose.

1. Expert-defined
ground-truth

Bayesian network 

2. Sample tabular
variables

Tabular
Text

Season Pneu Inf Dysp Cough Nasal

Warm No No No No No
Patient complaining of abdominal pain after eating; referred

for further evaluation.

Warm No No / / /
Patient reports shortness of breath on exertion for the past
two weeks. No associated cough or chest pain. Low-grade

fever occasionally present.

Cold Yes Yes No Yes Yes /

4a. Always mask
out fever and pain.

4b. Mask out remaining symptoms
in 1/3 of training data.

4c. Mask out text in 1/3 of
training data.

4. Make data
partially

observed.

Figure 5.1: Key steps in generating the artificial dataset, where each sample con-
sists of both tabular variables and corresponding clinical text descriptions. With
help of an expert, we define a BN simulating the pneumonia use case (step 1).
We sample the tabular variables (background, diagnoses and symptoms) from the
distribution defined by this BN (step 2), prompting an LLM (GPT3.5 [Ouyang
et al., 2022]) to generate realistic but fictitious consultation notes based on the
sampled symptoms (step 3). We repeat steps 1 to 3 to generate 4000 training
samples and 1000 test samples. Finally, to induce property (ii) of realistic medical
data (see Section 5.3), we remove two symptoms, fever and pain, from the tabular
portion of the data, ensuring they are never encoded and only observed through
the text (step 4a). From now on, when we talk about symptoms, we take this to
mean the symptoms dysp, cough, nasal, unless explicitly stated otherwise. For
the training set only, we partially mask out the remaining symptoms (step 4b)
and the text (step 4c) in a complementary subset of the training samples. Each
sample now represents a fictional patient encounter, consisting of one background
feature (season), two diagnoses (pneu and inf), three symptoms (dysp, cough
and nasal, partially unobserved) and a textual description (text, partially unob-
served). The text contains additional context on the three encoded symptoms, as
well as describing two additional unencoded symptoms fever and pain.
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unstructured text resembling consultation notes taken by the GP during a
patient encounter. Figure 5.1 shows the data generation process. Its caption
describes the four key steps, and a more detailed explanation is given in Ap-
pendices 5.7.1 and 5.7.2. We aim to mirror the following properties of real-
istic medical data: (i) the data contains structured tabular variables and/or
unstructured text, (ii) information in the text is only partially encoded in
the structured variables, and (iii) the text contains additional context on
the patient’s background and symptoms, complementing the information
encoded in the tabular variables. The final train and test datasets are avail-
able in our Github repository: https://github.com/prabaey/bn-text.

5.4 Augmenting BNs with text representations
We propose two model architectures that are able to integrate text in a
Bayesian network: BN-gen-text (Section 5.4.1) and BN-discr-text (Sec-
tion 5.4.2). Both models incorporate text through a single-vector text em-
bedding, either modeling its distribution directly or learning classifiers with
these representations as an input. As shown in Figure 5.2, we compare them
with three baseline models. Our first baseline BN is a standard Bayesian net-
work without text variables, trained only on the partially observed tabular
features. Its extension BN++ is trained on a version of the training set where
the symptoms fever and pain are exceptionally not masked out, forming
an upper bound to the performance of all other models, which never get to
directly observe these two symptoms. The last baseline FF-discr-text is
a discriminative feed-forward neural network which takes both tabular fea-
tures (one-hot encoded) and text (as a BioLORD embedding) as an input,
and outputs a prediction for pneu or inf . Details on the baseline models
BN, BN++ and FF-discr-text can be found in Appendix 5.7.3.1 and 5.7.3.2.

All models are trained on the final dataset shown in Figure 5.1 (with only
the symptoms dysp, cough and nasal, partially observed) except for BN++

(where fever and pain are added, as described above). During inference,
each model computes a posterior distribution for each diagnosis given some
set of evidence. For readability, we represent the diagnoses by Di (i ∈ {0, 1})
with D0 (pneu) and D1 (inf), symptoms as S0 (dysp), S1 (cough) and S2

(nasal), background as B (season) and text as T . We discuss how each
model is able to calculate the following posterior diagnostic probabilities:

• P(Di | B,S0, S1, S2): take only background and symptoms as evi-
dence.

• P(Di | B,S0, S1, S2, T ): take background, symptoms and text as evi-
dence.

• P(Di | B, T ): take background and text as evidence.

https://github.com/prabaey/bn-text
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5.4.1 Bayesian network with text generator (BN-gen-
text)

Training: In the BN-gen-text model, a text node is added to the BN
baseline, conditioned on all diagnoses and symptoms. The conditional dis-
tributions for all tabular variables are trained using Maximum Likelihood
Estimation, as a standard Bayesian network (see Appendix 5.7.3.1). To
obtain a vector representation for the text, we use BioLORD, which is a
pre-trained language model that produces semantic single-vector represen-
tations for clinical sentences and biomedical concepts [Remy et al., 2024].
32 separate multivariate Gaussians, one for each possible combination of
the values for the two diagnoses and three symptoms, are fitted to the text
embeddings to obtain the distribution P(T | D0, D1, S0, S1, S2). This basic
model allows us to get the probability density of unseen text embeddings
and even sample new ones, although those cannot be directly decoded into
text. To learn each Gaussian, we select all samples in the training set that
match a particular condition and fit the mean µ and covariance matrix Σ
to the corresponding text embeddings. The estimated covariance matrix Σ
is regularized as follows

P(T | D0, D1, S0, S1, S2) = ND0,D1,S0,S1,S2
(µ, (1− α)Σ+ αI) (5.1)

where the hyperparameter α allows tuning the contribution of the individual
variances of the text representation dimensions.
Inference: After training, we can calculate the posterior for either diag-
nosis Di given a set of evidence by applying Bayes’ rule and marginalizing
over the learned joint distribution. For P(Di | B,S0, S1, S2) the calculation
is the same as in a standard BN, since the conditional text distribution
P(T | D0, D1, S0, S1, S2) is integrated out. P(Di | B,S0, S1, S2, T ) and
P(Di | B, T ) on the other hand do evaluate the conditional text distribu-
tion. The detailed equations for all posteriors can be found in Appendix
5.7.3.3.

5.4.2 Bayesian network with text discriminator (BN-
discr-text)

Training: In the BN-discr-text model, we augment the BN baseline
by conditioning all diagnoses and symptoms on the text embedding. This
contrasts with the BN-gen-text approach, where we augment the BN base-
line with distributions of text embeddings conditioned on the diagnoses and
symptoms. While this arc reversal renders the two BNs semantically non-
equivalent, all independence relations between the non-text nodes remain
intact. Each of the conditional distributions is modeled as a set of dis-
criminative neural text classifiers, one for each configuration of the tabular
parent variables, meaning there are 12 in total. For example, we model
P(D0 | B = warm, T ) and P(D0 | B = cold, T ) as two separate feed-
forward neural networks that take the BioLORD text embedding as an
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input, and learn to predict the diagnosis probability for D0 at the out-
put. All parameters are optimized jointly by maximizing the likelihood
P(B,D0, D1, S0, S1, S2 | T ) (see Appendix 5.7.3.4) based on the training
data. By making this likelihood conditional on text, we refrain from having
to learn a prior distribution P(T ) of the text embeddings.
Inference: P(Di | B,S0, S1, S2, T ) is again obtained by applying Bayes’
rule and marginalizing over the joint distribution (conditional on text).
The trained classifiers are used to evaluate the probabilities needed dur-
ing inference. Strictly speaking, conditioning on the text node means that
P(Di | B,S0, S1, S2) cannot be computed. We circumvent this issue by con-
ditioning on the embedding of the empty text “” in case no text is observed.
The classifiers learn to take this into account, since an empty text occurs
in 1/3 of the training data. Finally, P(Di | B, T ) is simply the output of
one of the two diagnosis classifiers. As before, the detailed equations for all
posteriors can be found in Appendix 5.7.3.4.

5.5 Empirical results and analysis
Evaluation: There are various ways to measure the models’ ability of
estimating diagnostic probabilities, given the observed background, symp-
toms and/or textual inputs. This section assumes the real-world scenario
with a known (binary) diagnosis on the test set, but no knowledge of
ground truth conditional probabilities. We therefore rank all patients in
the test set according to the estimated probability of the considered di-
agnosis, and measure the area under the precision-recall curve for that
ranking by comparing with the binary ground truth, i.e., we report the
average precision. Results are averaged over 5 training runs with different
model initializations. The full code is available in our Github repository:
https://github.com/prabaey/bn-text.
Results: Table 5.1 presents average precision results for the diagnosis of
pneumonia (D0), while Table 5.2 shows these results for the prediction of
upper respiratory tract infection (D1). Ablation results in terms of connec-
tivity in the network are provided and discussed in Appendix 5.7.4.2, and
details on training and hyperparameter optimization are given in Appendix
5.7.4.1.
Analysis: Comparing P(D0 | B,S0, S1, S2, T ) and P(D0 | B,S0, S1, S2)
in Table 5.1, we note that both BN-gen-text and BN-discr-text improve
over the baseline BN. This improvement is thanks to the incorporation of
text, which contains information on the symptoms fever and pain that is
otherwise never explicitly encoded in the tabular features, yet very useful for
diagnosing pneu. Indeed, when BN-discr-text takes both symptoms and
text into account, in P(D0 | B,S0, S1, S2, T ), its average precision comes
close to the upper bound set by the baseline BN++, with direct access to all
5 encoded symptoms. Furthermore, the ablation study in Appendix 5.7.4.2

https://github.com/prabaey/bn-text
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Table 5.1: Average precision over test set of three posterior probabilities for
the diagnosis D0 (pneu), each taking a different set of evidence into account
(various combinations of background, symptoms and text). We show mean
(± std) over 5 initialization seeds.

Average precision for pneu
Model P(D0 |

B,S0, S1, S2, T )
P(D0 |

B,S0, S1, S2)
P(D0 | B, T )

BN - 0.0914 (± 0.0000) -
BN++ - 0.8326 (± 0.0000) -
FF-discr-text 0.6574 (± 0.0118) 0.1090 (± 0.0020) 0.6220 (± 0.0121)
BN-gen-text 0.5870 (± 0.0000) 0.0892 (± 0.0007) 0.4434 (± 0.0000)
BN-discr-text 0.7538 (± 0.0323) 0.1079 (± 0.0011) 0.6922 (± 0.0273)

Table 5.2: Average precision over test set of three posterior probabilities for
the diagnosis D1 (inf), each taking a different set of evidence into account
(various combinations of background, symptoms and text). We show mean
(± std) over 5 initialization seeds.

Average precision for inf
Model P(D1 |

B,S0, S1, S2, T )
P(D1 |

B,S0, S1, S2)
P(D1 | B, T )

BN - 0.8884 (± 0.0000) -
BN++ - 0.9009 (± 0.0000) -
FF-discr-text 0.9042 (± 0.0018) 0.8813 (± 0.0003) 0.8821 (± 0.0014)
BN-gen-text 0.7968 (± 0.0007) 0.8889 (± 0.0000) 0.7624 (± 0.0011)
BN-discr-text 0.9016 (± 0.0007) 0.8889 (± 0.0000) 0.8738 (± 0.0018)

shows a dramatic performance drop for both BN-discr-text and BN-gen-
text when omitting the direct relation between diagnoses and text in the
network, rendering the model unable to incorporate any complementary
text-only information (i.e., on fever and pain) during inference.

Though the BN-gen-text model performs better than the baseline BN,
we see two reasons for why it is not on par with BN-discr-text. First, the
distribution P(T | D0, D1, S0, S1, S2) is made up of 32 conditional Gaus-
sians, each trained on a different subset of text embeddings that occur with
a particular (possibly rare) combination of symptom and diagnosis values.
The BN-discr-text model has a more modular architecture and does not
suffer as much from limited relevant training samples to fit each of its clas-
sifiers. Second, a multivariate normal distribution is not the best fit for the
text embeddings. This is probably also why we see a bigger performance gap
between the prediction that incorporates only text (P(D0 | B, T )) and the
one that incorporates both text and symptoms (P(D0 | B,S0, S1, S2, T ))
for the BN-gen-text model.

Interestingly, the FF-discr-text baseline performs worse than BN-discr-
text. While the two pneu classifiers in BN-discr-text can focus on mod-
eling the text given one particular value of the background variable, the
FF-discr-text classifier needs to deal with various configurations of the
background and symptoms, missing or present, as well as their interactions
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with the text, in a single model. This is why BN-discr-text already im-
proves over FF-discr-text, even when it only incorporates text during
inference. When BN-discr-text incorporates symptoms on top of text
(P(D0 | B,S0, S1, S2, T )), it improves over FF-discr-text with almost 10
percentage points in average precision, proving the merit of learning sepa-
rate symptom classifiers, as well as diagnosis classifiers, and incorporating
all their predictions through a Bayesian inference procedure.

Table 5.2 shows higher average precision measures for the prediction of
inf , which is much more common in our dataset than pneu. Note that
including the text in the prediction does not improve performance. Indeed,
the small gap between BN and BN++ shows that knowledge on the symptoms
fever and pain does not improve the prediction of inf much. Their textual
representation is therefore expected to have little impact as well.

5.6 Discussion and conclusion
We conclude with a discussion of how the results from the previous section
can be seen in a broader context, by answering three key questions on the
integration of text in Bayesian networks for clinical reasoning.

What are different ways to integrate text into a BN, to allow
for joint reasoning over unstructured text and structured tabular
features?

We compared two architectures belonging to complementary model fam-
ilies: a BN with text generator (BN-gen-text) and a BN with text discrimi-
nator (BN-discr-text). An advantage of the BN-gen-text model is that it
follows the causal structure of the text generation process, making it more
intuitive to understand. However, to fit a generative model for the text
embeddings, we need to make assumptions on the distribution which do not
hold in practice. Conditional fitting of the Gaussians for every combination
of diagnoses and symptoms also leads to a bad fit for rarer combinations.
Both of these downsides translate to inferior performance of the generative
model on our use case. However, alternative generative architectures are
worth exploring in future research. The BN-discr-text model can benefit
from the flexibility of the neural classifiers without requiring any assump-
tions on the distribution of the text embeddings. Its modular approach
(with separate classifiers for the diagnoses and symptoms) allows for an in-
tuitive integration of the observed symptoms into the Bayesian inference
procedure.

What are the advantages of using unstructured text for clinical
reasoning, compared to only using structured tabular features?

Reducing clinical text to a set of structured variables can be challeng-
ing, and inherently causes loss of information. By retaining the raw text
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and training the model to deal with this, the information extraction step
is no longer required. This avoids the need to determine up front which
variables are (1) relevant for any set of diagnoses, (2) mentioned frequently
enough, and (3) can be extracted with sufficient accuracy. We simulated
the presence of complementary information in the text with the symptoms
fever and pain. The models that included the text, were able to leverage
information on those symptoms without explicitly including them as vari-
ables in the BN, which turned out especially beneficial for the rarer disease
(pneumonia). This aligns with the intuition that specific symptoms related
to rare diseases may not be encoded due to their infrequent presence, while
at the same time being indispensable for accurate diagnosis.

What are the advantages of Bayesian inference for clinical reason-
ing, compared to approaches that don’t contain a BN component?

BNs model each conditional distribution separately. This is not the case
for the FF-discr-text baseline, which directly outputs a prediction for the
diagnosis instead. This modular approach has multiple advantages. First of
all, it helps the model deal with missing data during the training process:
conditional distributions for variables that are not observed in a particular
sample are simply not updated. The FF-discr-text baseline deals with
unobserved symptoms by incorporating a special category in its one-hot
encoding, which is much less natural. Second, and even more important,
this modularity improves the interpretability of the prediction, which is
essential in medical applications. An end user of the BN-discr-text model
can inspect the outputs of the symptom classifiers as well as the diagnosis
classifier, and see how all these probabilities contribute to the predicted
posterior through the Bayesian inference process.
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5.7 Appendix

5.7.1 Data generation process
Figure 5.1 in the main text shows the steps we take to generate our dataset.

Step 1. Expert-defined Bayesian network With help of an expert
general practitioner, we define a BN that can be used for diagnosis of two
diseases: pneumonia (pneu) and upper respiratory tract infection (inf).
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We model the effect of one background factor, season of the year, on both
diagnoses. Additionally, five symptoms are added as nodes to the network:
dysp (dyspnea, also known as shortness of breath), cough, fever, pain (chest
pain and/or pain attributed to airways) and nasal (nasal congestion and/or
sneezing). All variables are binary (warm/cold for season and no/yes for all
others), except for fever, which can take on three levels (none/low/high).
According to the expert, these five symptoms are the most informative to
diagnose the two respiratory diseases in a primary care setting. Figure 5.3
shows the conditional probability tables (CPTs, defining the distribution
of any child conditioned on its possible parent values), which were filled in
according to the expert’s own knowledge and experience. The product of
all conditional distributions forms the joint ground truth distribution PGT

modeled by the BN, as shown in Equation 5.2.

PGT (season, pneu, inf, dysp, cough, fever, pain, nasal)

= PGT (season)PGT (pneu | season)PGT (inf | season)PGT (dysp | pneu)
PGT (cough | pneu, inf)PGT (fever | pneu, inf)

PGT (pain | pneu, inf)PGT (nasal | inf) (5.2)

Step 2. Sample tabular variables We can easily sample from the
joint distribution PGT in a top-down fashion, starting from the root node
season, generating the 2 diagnoses conditioned on season, and finally gen-
erating the 5 symptoms conditioned on the diagnoses. This way, we obtain
4000 train samples and 1000 test samples, each with 8 tabular features.
We use the pgmpy library for implementing our BN and sampling from it
[Ankur Ankan and Abinash Panda, 2015].

Step 3. Generate clinical consultation notes We then prompt an
LLM (in our case, the GPT-3.5-turbo model from OpenAI [Ouyang et al.,
2022]) to generate textual descriptions for each sample, given the presence
or absence of the tabular symptoms. We want these textual descriptions to
resemble clinical consultation notes made by a general practitioner for each
fictitious patient encounter, which means the LLM only gets to observe the
symptoms, not the diagnoses. Appendix 5.7.2 outlines the full prompting
strategy.

Step 4. Make data partially observed While our dataset now
fulfills desired properties (i) and (iii) as outlined in Section 5.3 in the main
text, we still need to enforce property (ii), which we split up into 3 parts.

• Step 4a: Some symptoms are never encoded in the tabular portion of
the data at all. To mimic this, we completely remove features fever
and pain from the dataset. This way, none of our models (except for
baseline model BN++, see later) ever observe these variables directly
in tabular format, instead only seeing indirect mentions of them in
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pneu
season
=cold

season
=warm

yes 0.015 0.005

no 0.985 0.995

inf
season
=cold

season
=warm

yes 0.500 0.050

no 0.500 0.995

season

cold 0.400

warm 0.600

dysp

pneu=yes pneu=no

yes 0.300 0.150

no 0.700 0.850

nasal

inf=yes inf=no

yes 0.700 0.200

no 0.300 0.800

cough

pneu=yes pneu=no

inf=yes inf=no inf=yes inf=no

yes 0.900 0.900 0.800 0.050

no 0.100 0.100 0.200 0.950

fever

pneu=yes pneu=no

inf=yes inf=no inf=yes inf=no

high 0.800 0.800 0.010 0.050

low 0.150 0.100 0.140 0.150

none 0.005 0.100 0.850 0.800

pain

pneu=yes pneu=no

inf=yes inf=no inf=yes inf=no

yes 0.300 0.300 0.100 0.050

no 0.700 0.700 0.900 0.950

Figure 5.3: CPTs for all parent-child relations in the ground truth BN, as
defined by an expert general practitioner.

the text. Both the symptoms fever and pain are highly informa-
tive for the prediction of pneumonia, and any model that can extract
information from the text should reap the benefits.

• Step 4b: Other symptoms are only encoded in a subset of the data.
We simulate this situation by masking out the remaining symptoms
in a subset of the training data. For 1/3 of the training data (1333
samples), we leave out the values for variables dysp, cough and nasal,
rendering them unobserved. Note that we either observe all 3 symp-
toms or none at all, thereby avoiding the need to model missingness
and simplifying reality.

• Step 4c: Furthermore, real data might not contain textual descrip-
tions for all samples. For this reason, we mask out the textual de-
scription for another 1/3 of the training data (1333 samples). This
leaves the remaining 1/3 of the training data (1334 samples), with
fully observed symptoms and text.

We assume that the background variable is always observed – in a real
setting, it could be extracted from the timestamp of the electronic record –
and therefore never mask it out. The diagnoses variables are never masked
out either, mostly to simplify the setup. We don’t mask out anything in
the test set, to leave full flexibility during the evaluation process in deciding
what to include as input to the predictive models.

5.7.2 Prompting strategies
There are 5 symptoms in our tabular dataset, forming a total of 48 possible
combinations. To mimic a realistic setting, we want each sample to have
a unique textual description, meaning we need to generate a wide variety
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of different texts for each of these combinations of symptoms. We asked
an expert general practitioner to provide us with some example patient
encounter notes that could be used to prompt the LLM and encourage
some variety in its responses. The expert received a symptom configuration
and was asked to describe the patient encounter like they normally would
in practice. We manually translated these notes from Dutch to English.
We ensured that the top 10 most occurring symptom combinations in the
training set (for which we will need to generate the highest number of unique
textual descriptions) have at least one clinical example note. We had 20
annotated example notes in total. Since some of these notes are based on
real encounters the general practitioner remembered from their own clinical
practice, we do not make these public.

We now describe our LLM prompting strategy. We structure all prompts
according to the OpenAI Chat Completions interface with the GPT-3.5-
turbo model, using a temperature of 1 and a frequency penalty of 0.5. The
full code to reproduce our prompting strategy is available in our Github
repository: https://github.com/prabaey/bn-text.

Suppose we need to generate a text description for a symptom combi-
nation {dysp = d, cough = c, fever = f , pain = p, nasal = n} that needs
m unique textual descriptions. First, we check whether this combination
is present in the set of examples. If one or more examples are found, we
start our prompt with the requested symptom combination, followed by the
example responses, see https://platform.openai.com/playground/p/p
oSdvoy9dipYIwVPXepRrUyL?model=gpt-3.5-turbo&mode=chat. If no ex-
ample is found, we randomly pick two unrelated examples and prompt the
language model by listing one after the other, preceded by their correspond-
ing symptom combinations, see https://platform.openai.com/playgr
ound/p/6KOm6pP6DXmMwDxUJWdGGHP1?model=gpt-3.5-turbo&mode=chat.
In both scenarios, after showing the examples, we ask the LLM to generate
5 clinical notes. We repeat the prompt as many times as needed to build
up a set of m notes. To further encourage diversity in the responses, we
only mention symptoms with positive values in the prompt in 50% of the
cases, while in the other 50% we mention all symptoms and their values. We
execute the entire pipeline separately for the train and test set. A random
sample of the resulting notes were checked for coherence and correctness by
the authors, which were deemed sufficient for this proof-of-concept setting.

We use a separate prompting strategy for the combination where all
symptoms are absent. This combination occurs most often out of all, though
we still only have 4 example notes for it. If we were to exclusively use the
prompting strategy from scenario 1, the notes would have little variety. For
this reason, we use 5 different strategies that each account for a different
number of generated notes. While some strategies encourage the model to
mention the absence of respiratory symptoms, others encourage the model
to invent a completely unrelated patient encounter. We once again conduct
the entire process for the train and test set separately, with the train set

https://github.com/prabaey/bn-text
https://platform.openai.com/playground/p/poSdvoy9dipYIwVPXepRrUyL?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/poSdvoy9dipYIwVPXepRrUyL?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/6KOm6pP6DXmMwDxUJWdGGHP1?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/6KOm6pP6DXmMwDxUJWdGGHP1?model=gpt-3.5-turbo&mode=chat
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needing 1032 descriptions and the test set needing 388. We describe the 5
strategies we used, together with the proportion of textual descriptions we
generated using each strategy and how many samples this comes down to
in both the train and test set. These proportions were decided arbitrarily
based on how useful we deemed each strategy to be.

1. Provide two in-context examples for symptom combination {dysp =
no, cough = no, fever = none, pain = no, nasal = no}: https:
//platform.openai.com/playground/p/Zw9y4EZ8RRfGaZTgBCPu5
DPT?model=gpt-3.5-turbo&mode=chat. (40%, Train: #400, Test:
#151)

2. Provide two random out-of-context examples for other symptom com-
binations: https://platform.openai.com/playground/p/jYJeF
fzXVZ5akndHGkB6cmPk?model=gpt-3.5-turbo&mode=chat. (5%,
Train: #50, #19)

3. Similar to strategy 1, but do not mention the absent symptoms explic-
itly, thereby encouraging the model to describe cases outside of the
respiratory domain: https://platform.openai.com/playground/p
/Ikszv18Zbqr162kF0iSErbCT?model=gpt-3.5-turbo&mode=chat.
We manually go over the generated cases and filter those out where
dysp, cough, fever, pain and nasal are described as present in the
patient. (10%, Train: #107, Test: #39)

4. Same as strategy 3, but don’t show any examples: https://platfo
rm.openai.com/playground/p/8KaVpr7chxLMHyeKz6Y2mMVE?mode
l=gpt-3.5-turbo&mode=chat. We manually go over the generated
cases and filter those out where dysp, cough, fever, pain and nasal
are described as present in the patient. (10%, Train: #111, Test:
#43)

5. Same as stragegy 4, still without showing any examples, but this time
telling the model that the patient is not experiencing the symptoms
dysp, cough, fever, pain and nasal: https://platform.openai.co
m/playground/p/eXDqpwMkqcvUA8wWiW1H06et?model=gpt-3.5-tur
bo&mode=chat. (35%, Train: #364, Test: #136)

5.7.3 Augmenting BNs with text representations
5.7.3.1 Baseline: Bayesian network (BN and BN++)

Training We train a simple Bayesian network (BN) where the Directed
Acyclic Graph (DAG), which defines the structure between all the tabular
variables, is the same as the one used to generate the data (see Figure 5.1,
excluding the unobserved symptoms). This Bayesian network defines the
joint distribution as a product of six conditional distributions, one for each

https://platform.openai.com/playground/p/Zw9y4EZ8RRfGaZTgBCPu5DPT?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/Zw9y4EZ8RRfGaZTgBCPu5DPT?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/Zw9y4EZ8RRfGaZTgBCPu5DPT?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/jYJeFfzXVZ5akndHGkB6cmPk?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/jYJeFfzXVZ5akndHGkB6cmPk?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/Ikszv18Zbqr162kF0iSErbCT?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/Ikszv18Zbqr162kF0iSErbCT?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/8KaVpr7chxLMHyeKz6Y2mMVE?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/8KaVpr7chxLMHyeKz6Y2mMVE?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/8KaVpr7chxLMHyeKz6Y2mMVE?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/eXDqpwMkqcvUA8wWiW1H06et?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/eXDqpwMkqcvUA8wWiW1H06et?model=gpt-3.5-turbo&mode=chat
https://platform.openai.com/playground/p/eXDqpwMkqcvUA8wWiW1H06et?model=gpt-3.5-turbo&mode=chat
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variable, as shown in Equation 5.3. These distributions are learned from the
training data using maximum likelihood estimation. This method studies
the co-occurrence of particular values of each variable and its parents in the
training set, filling up the CPTs as such. We use a K2 prior as a smooth-
ing strategy, to counteract the extremely skewed probability distributions
that might be learned when particular combinations of variables are never
observed in the training set. We use the pgmpy Python library to learn the
Bayesian network [Ankur Ankan and Abinash Panda, 2015].

P(B,D0, D1, S0, S1, S2) = P(B)P(D0 | B)P(D1 | B)P(S0 | D0)

P(S1 | D0, D1)P(S2 | D1) (5.3)

Inference The baseline Bayesian network can only include background
and symptoms as evidence (no text). We can calculate the posterior for
either diagnosis Di by applying Bayes’ rule and performing marginalization
over the variables which are not included in the evidence, as shown in Equa-
tion 5.4. We use the Variable Elimination method from pgmpy to perform
exact inference.

P(Di | B,S0, S1, S2) =

∑
D1−i

P(B,D0, D1, S0, S1, S2)∑
D0,D1

P(B,D0, D1, S0, S1, S2)
(5.4)

Inclusion of unobserved symptoms We also build a second variant of
this baseline (BN++) where we additionally include the unobserved symptoms
fever and pain in the DAG. As opposed to all other models, this model is
trained on a version of the training data where these two variables are not
masked out. This baseline serves as an upper bound to the performance
of all other models, which never get to directly observe these two symp-
toms. Equation 5.5 shows modeled the joint distribution, where U0 and U1

represent the unobserved symptoms fever and pain respectively. Equation
5.4 can be trivially extended to obtain P(Di | B,S0, S1, S2, U0, U1), where
evidence does not only include the partially observed symptoms Si, but also
the unobserved symptoms Ui.

P(B,D0, D1, S0, S1, S2, U0, U1) = P(B)P(D0 | B)P(D1 | B)P(S0 | D0)

P(S1 | D0, D1)P(S2 | D1)P(U0 | D0, D1)P(U1 | D0, D1) (5.5)

5.7.3.2 Baseline: feed-forward neural network (FF-discr-text)

Training We train two discriminative feed-forward neural networks (FF-
discr-text) which receive a vector representation of both the tabular fea-
tures and the text at the input, and transform it into a one-dimensional
representation which is turned into a prediction for P(Di | B,S0, S1, S2, T )
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by applying a sigmoid non-linearity. We build two completely separate
models, one for pneu and one for inf , and optimize the neural network
weights using maximum-likelihood estimation with a binary cross-entropy
loss. As a vector representation for the text, we use BioLORD [Remy et al.,
2024], which returns a 768-dimensional embedding of the text description.
The tabular features are turned into a one-hot encoding, with 11 dimen-
sions in total. Note that each symptom is encoded into a three-dimensional
vector, to be able to model the case where the symptom is unobserved,
next to its two possible classes (yes/no). We also experimented with in-
cluding pairwise, three-way and four-way interactions of background and
symptom representations at the input, which adds another 180 dimensions.
See Appendix 5.7.4.1 for the final hyperparameter configuration.
Inference The model is trained to maximize the likelihood P(Di | B,
S0, S1, S2, T ), so we can directly obtain this probability as an output to
the model when we input a test sample. To get a prediction for P(Di |
B,S0, S1, S2), we replace the text at the input by an empty string (simply
“”) and use its BioLORD embedding. Note that the model is equipped to
deal with this, since these empty texts occur in 1/3 of the training data as
well. Finally, to get a prediction for P(Di | B, T ), we set all symptoms to
unobserved and use their corresponding one-hot encoding at the input of
the model, instead of the original encoding.

5.7.3.3 Bayesian network with text generator (BN-gen-text)

The joint probability distribution modeled by the Bayesian network with
text generator is given in Equation 5.6. We parameterize each conditional
distribution as a Bernoulli distribution with one trainable parameter per
conditional parent configuration, except for the text T , which fits a Gaus-
sian distribution to the text embeddings as explained in Section 5.4.1. We
then learn all trainable parameters using maximum likelihood estimation
where the likelihood P(B,D0, D1, S0, S1, S2) (Equation 5.6 without factor
P(T | D0, D1, S0, S1, S2)) is maximized based on the training data. This
essentially comes down to filling in the CPTs like in a normal Bayesian
network.

P(B,D0, D1, S0, S1, S2, T ) = P(B)P(D0 | B)P(D1 | B)P(S0 | D0)

P(S1 | D0, D1)P(S2 | D1)P(T | D0, D1, S0, S1, S2) (5.6)

Note that the generative model can easily deal with missing data: if
the symptoms are unobserved, only the parameters for P(B), P(D0 | B)
and P(D1 | B) are updated. Similarly, samples where the text is missing
still contribute to the learned CPTs, while P(T | D0, D1, S0, S1, S2) is fitted
separately to the observed text embeddings only.

Equations 5.7, 5.8 and 5.9 show how we calculate the posterior likelihood
for the diagnoses through Bayesian inference, for different sets of evidence.
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Note that we write sums for clarity, but strictly speaking marginalization
over T is done by integration over the normally distributed text embedding
variable.

P(Di | B,S0, S1, S2) =

∑
D1−i,T

P(B,D0, D1, S0, S1, S2, T )∑
D0,D1,T

P(B,D0, D1, S0, S1, S2, T )

=

∑
D1−i

P(B)P(D0 | B)P(D1 | B)P(S0 | D0)P(S1 | D0, D1)

P(S2 | D1)
∑

T P(T | D0, D1, S0, S1, S2)∑
D0,D1

P(B)P(D0 | B)P(D1 | B)P(S0 | D0)P(S1 | D0, D1)

P(S2 | D1)
∑

T P(T | D0, D1, S0, S1, S2)

=

∑
D1−i

P(B)P(D0 | B)P(D1 | B)P(S0 | D0)P(S1 | D0, D1)P(S2 | D1)∑
D0,D1

P(B)P(D0 | B)P(D1 | B)P(S0 | D0)P(S1 | D0, D1)P(S2 | D1)

(5.7)

P(Di | B,S0, S1, S2, T ) =

∑
D1−i

P(B,D0, D1, S0, S1, S2, T )∑
D0,D1

P(B,D0, D1, S0, S1, S2, T )

=

∑
D1−i

P(B)P(D0 | B)P(D1 | B)P(S0 | D0)P(S1 | D0, D1)

P(S2 | D1)P(T | D0, D1, S0, S1, S2)∑
D0,D1

P(B)P(D0 | B)P(D1 | B)P(S0 | D0)P(S1 | D0, D1)

P(S2 | D1)P(T | D0, D1, S0, S1, S2)

(5.8)

P(Di | B, T ) =

∑
D1−i,S0,S1,S2

P(B,D0, D1, S0, S1, S2, T )∑
D0,D1,S0,S1,S2

P(B,D0, D1, S0, S1, S2, T )

=

∑
D1−i,S0,S1,S2

P(B)P(D0 | B)P(D1 | B)P(S0 | D0)P(S1 | D0, D1)

P(S2 | D1)P(T | D0, D1, S0, S1, S2)∑
D0,D1,S0,S1,S2

P(B)P(D0 | B)P(D1 | B)P(S0 | D0)P(S1 | D0, D1)

P(S2 | D1)P(T | D0, D1, S0, S1, S2)
(5.9)

5.7.3.4 Bayesian network with text discriminator (BN-discr-text)

The joint probability distribution modeled by the Bayesian network with
text discriminator is given by Equation 5.10. Like before, P(B) is parame-
terized as a Bernoulli distribution with one trainable parameter. All other
conditional probability distributions are parameterized by one neural text
discriminator per conditional parent configuration, resulting in 2 classifiers
per conditional distribution, except for P(S1 | D0, D1, T ), which has 4 (due
to cough having both pneu and inf as a parent). Each text classifier is
modeled as a discriminative feed-forward neural network that takes a vector
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representation of the text as an input (once again, we use 768-dimensional
BioLORD embeddings), transforming it into a one-dimensional representa-
tion which is then turned into a prediction for P(X | Y = y, T ) by applying
a sigmoid non-linearity. Here, X represents the child variable (either D0,
D1, S0, S1 or S2), while Y represents the parent variable (either B, D0, D1

or {D0, D1}) taking on the configuration y. The Bernoulli parameter and
neural network weights are trained by jointly maximizing the likelihood in
Equation 5.10 over the training set.

P(B,D0, D1, S0, S1, S2 | T ) = P(B)P(D0 | B, T )P(D1 | B, T )

P(S0 | D0, T )P(S1 | D0, D1, T )P(S2 | D1, T ) (5.10)

Note that the discriminative model can easily deal with missing data: if
the symptoms are unobserved, only the parameters for P(B), P(D0 | B, T )
and P(D1 | B, T ) are updated. When the text is unobserved, we input
the BioLORD embedding for an empty text into each classifier. For that
particular input, the classifiers will simply learn the co-occurrence of child
and parent values in the 1/3 of the training data where text is empty, their
outputs essentially mimicking the CPTs in a normal Bayesian network (like
in the BN baseline model).

Equations 5.11 and 5.12 show how we calculate the posterior likelihood
for the diagnoses through Bayesian inference, taking the symptoms and text
(empty or not) as evidence. P(Di | B, T ) can simply be taken directly as
the output of the relevant diagnosis classifier.

P(Di | B,S0, S1, S2, T ) =

∑
D1−i

P(B,D0, D1, S0, S1, S2 | T )∑
D0,D1

P(B,D0, D1, S0, S1, S2 | T )

=

∑
D1−i

P(B)P(D0 | B, T )P(D1 | B, T )P(S0 | D0, T )

P(S1 | D0, D1, T )P(S2 | D1, T )∑
D0,D1

P(B)P(D0 | B, T )P(D1 | B, T )P(S0 | D0, T )

P(S1 | D0, D1, T )P(S2 | D1, T )

(5.11)

P(Di | B,S0, S1, S2) = P(Di | B,S0, S1, S2, T = “”) (5.12)

5.7.4 Empirical results and analysis
5.7.4.1 Training, hyperparameter tuning and evaluation

All models, except the baselines BN and BN++, have multiple hyperparame-
ters to tune. We optimized these separately for each model using a train-
validation split on the train set (3200/800 sample split out of 4000 samples in
total), choosing the hyperparameters that maximize the average precision of
P(Di|B,S0, S1, S2, T ) on the validation set. The full implementation can be
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found in our Github repository: https://github.com/prabaey/bn-text.

• FF-discr-text We optimized the number of epochs, the number
of layers (including their width), the batch size, learning rate and
weight decay of the Adam optimizer, dropout and whether to include
interaction features at the input or not. We optimized these hyper-
parameters separately for the pneu and inf classifier. For the pneu
classifier, the final configuration we landed on was the following: 200
epochs, 2 layers (dimensions 768 → 256 → 1, with a ReLU activation
in the middle), batch size 256, learning rate 1e−2, weight decay 1e−3,
dropout of 70% in every layer and no interaction features. For the
inf classifier, the optimal settings were the same, except that it had
1 layer (dimensions 768 → 1). To make up for the lower complexity
of the model (and limited ability to mix features in a single layer), it
proved optimal to include the interaction features at the input of this
classifier.

• BN-discr-text To make for a fair comparison, we used the same
layer and dropout configurations that were chosen after tuning the FF-
discr-text model for the P(D0|B, T ) classifier (pneu) and P(D1|B, T )
classifier (inf). The symptom classifiers already achieved perfect
performance with only 1 layer (dimensions 768 → 1) and without
dropout, so we kept these settings. We again used the Adam opti-
mizer to learn the neural weights for all classifiers, with learning rate
1e−2 and weight decay 1e−3. We used a separate learning rate of
0.05 (without weight decay) for learning the P(B) distribution, which
is modeled with a single Bernoulli parameter. Other hyperparameters
were also chosen in accordance with the FF-discr-text model: 200
epochs and batch size 256.

• BN-gen-text For learning the CPT parameters in the Bayesian net-
work, we used an Adam optimizer with a learning rate of 0.05 and no
weight decay. We trained for 15 epochs with a batch size of 256. Hy-
perparameter α, which regularizes the covariance matrix in Equation
5.1, was found to be optimal at 0.85. We use the same α for all 32
Gaussians.

We trained all models with their optimal hyperparameter configurations
over the train set of 4000 samples. We repeated this process 5 times, each
time with a different initialization seed (except for the BN baseline, which
is deterministic). For each trained model, we calculated the three posterior
diagnosis probabilities for all 1000 samples in the test set. We then obtained
the average precision (area under the precision-recall curve) by comparing
each prediction to the known label for the diagnosis. We report average pre-
cision rather than area under the ROC curve (another metric often used to

https://github.com/prabaey/bn-text
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assess classification performance), since the former is better suited to eval-
uate predictive performance in extremely imbalanced datasets [Davis and
Goadrich, 2006], which is the case for pneumonia.1 Furthermore, balancing
precision and recall (catching as many cases of pneumonia as possible with-
out including too many false positives) describes the diagnostic task of the
GP in the practical use case well.

5.7.4.2 Ablation study

In designing the DAG for models BN-gen-text and BN-discr-text, we
explicitly included an arc between each diagnosis and text. This modeling
decision makes sense when one assumes the presence of some unknown and
unobserved symptoms in the text. In this section, we investigate how the
models would perform if these relations were left out. We first introduce our
generative and discriminative ablated models, and then discuss the empirical
results.

Ablated BN with Text Generator (BN-gen-text−) We remove the
arcs D0 → T and D1 → T from the BN-gen-text model shown in Figure
5.2, forming the BN-gen-text− model. The text node now has only three
parents (symptoms S0, S1 and S2), meaning only 8 conditional Gaussians
have to be fitted. Note that this means there are more text embeddings
available to fit each Gaussian than there were for the BN-gen-text model.
The new joint distribution modeled by this Bayesian network is shown in
Equation 5.13. Note that it differs from Equation 5.6 only in its definition
of the conditional text distribution. We train this model in the same way
as before, with the hyperparameters described in Section 5.7.4.1.

P(B,D0, D1, S0, S1, S2, T ) = P(B)P(D0 | B)P(D1 | B)P(S0 | D0)

P(S1 | D0, D1)P(S2 | D1)P(T | S0, S1, S2) (5.13)

Bayesian inference over the ablated DAG partially differs from infer-
ence over the original DAG. The calculation of both P(Di | B,S0, S1, S2)
and P(Di | B, T ) incurs only minimal changes: just swap out P(T |
D0, D1, S0, S1, S2) for P(T | S0, S1, S2) in Equations 5.7 and 5.9. How-
ever, the DAG shows that Di is independent of T when all symptoms
are known (no unblocked paths), meaning that P(Di | B,S0, S1, S2, T ) =
P(Di | B,S0, S1, S2).

Ablated BN with Text Discriminator (BN-discr-text−) We remove
the arcs T → D0 and T → D1 from the BN-discr-text model shown in

1We have a positive pneumonia label for only 34 out of 4000 samples in the training
set and 14 out of 1000 samples in the test set.
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Table 5.3: Average precision over test set for the ablated text models, which
do not explicitly include the relation between diagnoses and text.

Average precision for pneu
Model P(D0 |

B,S0, S1, S2, T )
P(D0 |

B,S0, S1, S2)
P(D0 | B, T )

BN-gen-text− 0.0892 (± 0.0007) 0.0892 (± 0.0007) 0.0933 (± 0.0009)
BN-discr-text− 0.1017 (± 0.0008) 0.1041 (± 0.0072) 0.0302 (± 0.0000)

Average precision for inf
Model P(D1 |

B,S0, S1, S2, T )
P(D1 |

B,S0, S1, S2)
P(D1 | B, T )

BN-gen-text− 0.8889 (± 0.0000) 0.8889 (± 0.0000) 0.8914 (± 0.0002)
BN-discr-text− 0.8065 (± 0.0004) 0.8889 (± 0.0000) 0.4441 (± 0.0000)

Figure 5.2, forming the BN-discr-text− model. This means that there
are only 8 classifiers to be learned, as P(D0 | B) and P(D1 | B) can now
be modeled as simple CPTs, just like P(B). The joint distribution for the
ablated model is shown in Equation 5.14. We train this model with the
hyperparameters described in Section 5.7.4.1, using a learning rate of 0.05
to learn the parameters of the CPTs for D0, D1 and B.

P(B,D0, D1, S0, S1, S2 | T ) = P(B)P(D0 | B)P(D1 | B)P(S0 | D0, T )

P(S1 | D0, D1, T )P(S2 | D1, T ) (5.14)

Again, Bayesian inference over the ablated DAG partially differs from
inference over the original DAG. P(Di | B,S0, S1, S2, T ) is calculated anal-
ogously to Equation 5.11, but with P(Di | B) instead of P(Di | B, T ).
Finally, it is clear from the ablated DAG that the diagnoses are indepen-
dent of the text if no symptoms are observed (all paths between Di and T are
blocked by unobserved colliders). Therefore P(Di | B, T ) equals P(Di | B),
meaning the BN-discr-text− model cannot extract any information from
the text without any observed symptoms.

Analysis Comparing the pneu portion of Table 5.3 with Table 5.1, we
immediately note that performance drops dramatically in the ablated ver-
sions of both the generative and discriminative model. While P(D0 |
B,S0, S1, S2) is still very similar to the BN baseline, including text in the pre-
diction P(D0 | B,S0, S1, S2, T ) now does not improve performance. Since
we do not model the relation between diagnoses and text, the model can
only extract information from the text through the three symptoms we ex-
plicitly include in the DAG: dysp, cough and nasal. Information regarding
other useful symptoms, pain and fever, cannot be extracted.

While the BN-gen-text− model is able to extract the necessary infor-
mation on the symptoms S0, S1 and S2 from the text alone (P(D0 | B, T ) ∼
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P(D0 | B,S0, S1, S2)), BN-discr-text− performs abysmally when only text
is included in the evidence. This comes as no surprise when we actually
study the DAG: the diagnoses are independent of the text if no symptoms
are observed. These independence assumptions do not match the reality we
are trying to capture.

Comparing the inf portion of Table 5.3 with Table 5.2 shows lower
performance of BN-discr-text− compared to BN-discr-text when only
taking text into account (P(D1 | B, T )). Conversely, BN-gen-text− ac-
tually improves over BN-gen-text on both P(D1 | B,S0, S1, S2, T ) and
P(D1 | B, T ). Since the text node T now only has three parents instead of
five, there’s more text embeddings available to fit each conditional Gaus-
sian. Combined with the fact that there is no additional information in
the text that can help to predict inf anyway, modeling the direct relation
between diagnosis and text will only result in a less reliable fit of the text
distribution by the BN-gen-text model.



6
SimSUM – Simulated Benchmark with
Structured and Unstructured Medical

Records

This chapter introduces SimSUM, a benchmark dataset that links structured
tabular data with unstructured text for the domain of respiratory diseases.
It is an extension of the benchmark dataset introduced in the previous chap-
ter. Existing multi-modal datasets are too complex for controlled experimen-
tation, motivating the creation of a simpler, self-contained alternative. In
SimSUM, both modalities are grounded in the same clinical concepts through
a Bayesian network that encodes relevant domain knowledge. The tabular
data are generated directly from this Bayesian network, while the textual
notes are produced by a prompt-steered large language model, ensuring full
transparency of the data-generation process. We evaluate the dataset through
expert review of the clinical notes, descriptive analysis of their content, and
baseline tabular-only and text-only models for a basic symptom-prediction
task. The SimSUM dataset can support research on clinical information ex-
traction (as explored in the next chapter), but also causal effect estimation
and synthetic data generation.

* * *

Paloma Rabaey, Stefan Heytens, Thomas Demeester

Journal of Biomedical Semantics
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Abstract
Background: Clinical information extraction, which involves structuring
clinical concepts from unstructured medical text, remains a challenging
problem that could benefit from the inclusion of tabular background infor-
mation available in electronic health records. Existing open-source datasets
lack explicit links between structured features and clinical concepts in the
text, motivating the need for a new research dataset.
Methods: We introduce SimSUM, a benchmark dataset of 10,000 simu-
lated patient records that link unstructured clinical notes with structured
background variables. Each record simulates a patient encounter in the
domain of respiratory diseases and includes tabular data (e.g., symptoms,
diagnoses, underlying conditions) generated from a Bayesian network whose
structure and parameters are defined by domain experts. A large language
model (GPT-4o) is prompted to generate a clinical note describing the en-
counter, including symptoms and relevant context. These notes are anno-
tated with span-level symptom mentions. We conduct an expert evaluation
study to assess note quality and run baseline predictive models on both the
tabular and textual data.
Conclusion: The SimSUM dataset is primarily designed to support re-
search on clinical information extraction in the presence of tabular back-
ground variables, which can be linked through domain knowledge to con-
cepts of interest to be extracted from the text—namely, symptoms in the
case of SimSUM. Secondary uses include research on the automation of
clinical reasoning over both tabular data and text, causal effect estimation
in the presence of tabular and/or textual confounders, and multi-modal
synthetic data generation. SimSUM is not intended for training clinical de-
cision support systems or production-grade models, but rather to facilitate
reproducible research in a simplified and controlled setting. The dataset is
available at https://github.com/prabaey/SimSUM.

6.1 Background
Electronic Health Records (EHRs) are a gold mine of information, con-
taining a mix of structured tabular variables1 (medication, diagnosis codes,
lab results. . . ) and free unstructured text (detailed clinical notes from physi-
cians, nurses. . . ) [Ford et al., 2016]. These EHRs form a valuable basis for
training clinical decision support systems, (partially) automating essential
processes in the clinical world, such as diagnosis, writing treatment plans,
and more [Peiffer-Smadja et al., 2020a, Mujtaba et al., 2019, Rasmy et al.,
2021, Li et al., 2020, Xu et al., 2019]. While LLMs can help leverage the
potential of the unstructured text portion of the EHR [Zhang et al., 2020,

1In the remainder of our work, we use the terms “structured tabular data” and “tabular
features” interchangeably.

https://github.com/prabaey/SimSUM
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tab

texttext

GPT-4o

Dataset construction (Sec. 2) Evaluation

texttext

Symptom span
evaluation 
(Sec. 2.3, 
Sec. 3.2)

Clinical expert
evaluation 
(Sec. 3.1)

Baseline models (Sec. 3.3)

Bayesian
network (tab)

XGBoost
(tab)

Neural network
(text)

Neural network
(text + tab)

Figure 6.1: General overview of the structure of this paper. We first describe
the construction of SimSUM, a simulated dataset combining structured tab-
ular data and unstructured clinical text (Section 6.2). We then evaluate the
clinical notes through both a clinical expert review (Section 6.3.1) and au-
tomated span-level symptom extraction (Sections 6.2.3 and 6.3.2). Finally,
we present four baseline predictive models that take as input the tabular
data, the textual data, or both (Section 6.3.3).

Liu et al., 2022b, Huang et al., 2019, Lehman and Johnson, 2023, Singhal
et al., 2023, Labrak et al., 2024], these black box systems lack interpretabil-
ity [Quinn et al., 2022, Zhao et al., 2024, Tian et al., 2024]. In high-risk
clinical applications, it can be argued that one should prefer more robust
and transparent systems built on simpler, feature-based models, like regres-
sion models, decision trees, or Bayesian networks [Rudin, 2019, Sanchez
et al., 2022, Lundberg et al., 2020]. However, such models cannot directly
deal with unstructured text and require tabular features as an input. For
this reason, automated Clinical Information Extraction (CIE) [Ford et al.,
2016, Wang et al., 2018] is an essential tool for building large structured
datasets that can serve as training data for such systems.

Clinical information extraction remains a challenging task due to
the complex nature of clinical notes [Hahn and Oleynik, 2020]. These often
leave out important contextual details which an automated system would
need in order to correctly extract concepts from the text. State-of-the-art
CIE systems are predominantly built on pre-trained language models. Ear-
lier methods relied on models pre-trained for entity and relation extraction
in clinical text [Wang et al., 2023a], while more recent approaches draw
on LLMs that have absorbed substantial medical knowledge during train-
ing [Xu et al., 2024b]. In both paradigms, domain knowledge is acquired
implicitly rather than being explicitly encoded. Moreover, current systems
typically overlook complementary information available in structured pa-
tient records. We propose that CIE could benefit from leveraging two ad-
ditional sources of information, apart from the unstructured text itself. On
the one hand, a range of tabular features are already encoded in the EHR.
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Yesterday  morning,  the  patient  woke  up  with  a  high  fever  and 
could  not  go  to  work. 

Later  that  day,  breathing  started  to  become  difficult.

dyspnea fever

asthma pneumoniaBackground information
is stored in tabular
encoded format.

Extract concepts
from the text

(1) 

(2) 

Bayesian network reflecting expert and medical domain
knowledge (causal structure + conditional probabilities).

Figure 6.2: We have a clinical description of a patient encounter from which
we want to extract some concepts, in this case the symptoms experienced by
the patient. Some symptoms might be easy to extract using text-matching,
like “high fever”. Other symptoms are not mentioned verbatim and are
therefore harder to extract, like dyspnea. In this case, additional informa-
tion on the patient, present in encoded format in the tabular portion of the
EHR, together with domain knowledge, may help. We illustrate this idea
with two examples.
Example 1: We know that the patient has asthma. Domain knowledge may
tell us that the probability of experiencing dyspnea when one has asthma
(Equation (1)) is 90%, thereby increasing the prior probability of encounter-
ing dyspnea in the text. By integrating this knowledge in the information
extraction module, it can more accurately predict the posterior probability
of encountering dyspnea in the text.
Example 2: We know that the patient is experiencing high fever. Domain
knowledge may tell us that a high fever often co-occurs with dyspnea due
to their common cause, which is pneumonia. Even if we do not know that
the patient has pneumonia, the probability of dyspnea being mentioned in
the text increases as a result of observing high fever. By modeling the joint
probability of dyspnea, fever and pneumonia using a Bayesian network, we
can get the exact probability of P(dyspnea = yes | fever = high) by sum-
ming over the possible presence and absence of pneumonia in a procedure
called Bayesian inference (Equation (2), Koller and Friedman [2009]).
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These contain information related to a particular patient visit (e.g. partially
encoded symptoms or diagnosis codes), as well as information on the medi-
cal history of the patient. On the other hand, we can connect this encoded
background information with the concepts we are trying to extract from the
text, using a Bayesian Network (BN) that represents medical domain knowl-
edge. While ontologies and controlled vocabularies are commonly used to
capture standardized concepts and semantic relationships [Sirocchi et al.,
2024, Wu et al., 2023], they lack the ability to model causal dependencies or
uncertainty. An expert-defined BN complements these resources by model-
ing how clinical factors influence one another and with what probabilistic
strength [Kyrimi et al., 2021d]. A visual example that helps illustrate this
idea is shown in Fig. 6.2.

To investigate and implement this idea, we need a clinical dataset
which (i) contains a mix of tabular data and unstructured text,
where (ii) the tabular data and the concepts we aim to extract
from the text can be linked through domain knowledge. While
open-source datasets like MIMIC-III [Johnson et al., 2016] and MIMIC-IV
[Johnson et al., 2023] contain this mix, they are not a perfect fit. First,
the area of intensive care in which the data was collected is very extensive,
making it hard to isolate a specific use-case for which the domain knowl-
edge could be listed. Second, the portion of the dataset which is encoded
into tabular features is often driven by billing needs [Johnson et al., 2023],
rather than completeness or accuracy, and does not contain any encoded
symptoms, which are concepts that could be interesting to extract from the
text for application in clinical decision support systems. Third, the link
between the tabular features and the concepts mentioned in the text might
be inconsistent due to system design or human errors [Kwon et al., 2024,
Lin et al., 2023]. Finally, the EHRs in MIMIC are time series, and while
temporal information is a standard aspect of EHRs, it adds significant mod-
eling complexity, making simpler datasets preferable for prototyping novel
methods. Other existing datasets linking unstructured clinical text to struc-
tured features include BioDEX [D’Oosterlinck et al., 2023], a large set of
papers describing adverse drug events, as well as TCGA-Reports [Kefeli and
Tatonetti, 2024], a set of cancer pathology reports, both accompanied by
tabular patient descriptors and extracted biological features. However, in
both cases, it is not trivial to devise a BN representing the relevant expert
knowledge, partially because that knowledge is not fully understood yet.

In this work, we simulate a sufficiently realistic dataset that addresses
some of these shortcomings, enabling research on incorporating domain
knowledge for improved CIE in the presence of tabular variables. Our
dataset, called SimSUM (Simulated Structured and Unstructured
Medical records) is a self-contained set of artificial EHRs in a primary
care setting, fulfilling the following requirements:
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• Each record in SimSUM is an extract representing a single patient
encounter, eliminating the time aspect for simplicity.

• Each record is made up of structured tabular data and unstructured
text.

• By design, clinical concepts expressed in the text and encoded in the
tabular portion of SimSUM are connected through a Bayesian network
representing domain knowledge. In this case, the domain is respiratory
diseases, with their associated symptoms and underlying conditions.

• The unstructured text in SimSUM contains additional context on
some of the encoded tabular variables. For example, symptoms are
stored as structured tabular data, while the text elaborates on the
nature of these symptoms, including their severity, onset, and other
details.

SimSUM is constructed in the domain of respiratory diseases, simulat-
ing patient visits to a primary care doctor. We mimic the scenario where
the doctor notes down the patient’s symptoms in a clinical note, along with
some additional context, and stores this in the EHR together with the en-
coded diagnosis, as well as the encoded symptoms. Additionally, the EHR
stores tabular background information on the underlying health conditions
of the patient.

It is important to emphasize that the SimSUM dataset is not in-
tended for training clinical decision support systems or deploying
predictive models in real-world healthcare. Instead, it provides a
controlled research environment for developing and prototyping methods.
Although designed to be domain-relevant, SimSUM is entirely synthetic:
tabular data is generated via an expert-defined BN, and clinical notes are
produced by a Large Language Model (LLM). It simulates a specific use-
case in a limited domain – respiratory diseases in primary care – without
modeling any temporal dynamics. SimSUM therefore does not reflect the
full variability or complexity of real EHRs, and should not be used to evalu-
ate clinical model performance or train production models. Its value lies in
enabling research on integrating background information into CIE, within
a simplified setting with known and controllable ground-truth structure.

The remainder of this work is structured as shown in Figure 6.1. In
short, Section 6.2 describes how we generated SimSUM by simulating 10,000
patient encounters by sampling from an expert-defined BN and prompting
an LLM. Section 6.3 analyses the utility of our dataset and discusses its
intended use. Finally, Section 6.4 states our main conclusions and highlights
SimSUM’s limitations.
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Generate
tabular
patient
record

x 10.000

Patient 1

asthma yes

smoking no

COPD no

hay fever no

season winter

pneumonia no

common cold no

dyspnea yes

cough yes

pain yes

nasal no

fever low

policy high

self-employed no

antibiotics yes

# days at home 5

Create a short clinical note related to the following patient encounter. 

The following information is known about the patient's symptoms:
- cough: yes, dry
- respiratory pain: yes, burning pain in windpipe
- dyspnea: yes, air hunger

Don't mention anything about the following symptoms:
- fever
- nasal symptoms

The patient currently has the following underlying health conditions,
which may or may not be mentioned in the note if relevant:
- asthma

The note has the following structure: 
**History**
<history>
**Physical Examination**
<physical examination results>

Do not include any suspicions of possible diagnoses in the clinical note
(no "assessment" field). You can imagine additional context or details
described by the patient, but no additional symptoms. Do not mention
patient gender or age. Your notes can be relatively long (around 5 lines
or more in history).

Do not add a title. Do not add a final comment after generating the note. 

Prompt for clinical text generation

(*)

 

Probability of
mentioning

symptom depends
on its presence (*)

Always include
background health

conditions in prompt

Descriptor chosen based on cause
of symptom (here: asthma)

dyspnea cough pain fever nasal

antibiotics # days at
home

common cold

asthma

smoking COPD

season

pneumonia hay fever

policy self-
employed

underlying
conditions

high/low

y/n discrete

y/ny/n y/n y/n high/low/
none

y/n

y/n y/n

winter/summer

y/ny/n

y/n

y/n

diagnosis

symptoms

non-clinical

Bayesian network: expert-defined tabular data generating process

treatment /
outcome

History
The patient reports experiencing a persistent dry cough over
the past several days, which has been accompanied by a
distinct burning pain localized in the windpipe. They
describe a pronounced feeling of air hunger and shortness
of breath, which is exacerbated during episodes of physical
exertion. These symptoms have not been relieved by the use of
their usual asthma inhaler. The patient has a history of
asthma, which is generally well-controlled with their current
medication regimen.

Physical Examination
Upon examination, the patient appears visibly uncomfortable,
with noted use of accessory muscles for breathing. Breath
sounds are diminished bilaterally, with occasional wheezing
heard on auscultation. No stridor or severe respiratory distress
is observed, but the patient exhibits an increased respiratory
rate. No cyanosis is noted, and heart sounds are normal.

Clinical note

Generate text using GPT-4o

History
Pt c/o persistent dry cough for several days w/ burning
pain in windpipe. Reports air hunger and SOB, worsens w/
exertion. Usual asthma inhaler not effective. Hx of asthma,
generally well-controlled w/ meds.

Physical Examination
Pt appears uncomfortable, using accessory muscles for
breathing. Diminished breath sounds bilat, occasional
wheezing on ausc. No stridor or severe resp distress; ↑ RR
noted. No cyanosis, heart sounds normal.

Compact clinical note

Additional prompt for generating compact version
"Please write this note in more compact style (using

abbreviations and shortcuts), while preserving the content."

Figure 6.3: Overview of the full data generating process for the SimSUM dataset.
First, the tabular portion of the artificial patient record is sampled from a BN,
where both the structure and the conditional probability distributions were de-
fined by an expert. Afterwards, we construct a prompt describing the symptoms
experienced by the patient, as well as their underlying health conditions (but no
diagnoses). We ask the LLM to generate a clinical note describing this patient
encounter. Finally, we ask to generate a more challenging compact version of the
note, mimicking the complexity of real clinical notes by prompting the use of ab-
breviations and shortcuts. We generate 10,000 of these artificial patient records
in total.
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6.2 Construction and content
Our general methodology for generating the artificial patient records is
shown in Fig. 6.3. We now zoom in on the two major parts of this data
generating process. First, Section 6.2.1 describes how we generated the
structured tabular variables through an expert-defined BN. Then, Section
6.2.2 dives into how the clinical notes were generated by the LLM. Finally,
Section 6.2.3 describes how we enhanced our dataset by automatically an-
notating each note with all spans mentioning each symptom.

6.2.1 Modeling structured tabular variables with a
Bayesian network

For this part of the process, we enlisted an expert with over 30 years of
experience in primary care. The expert has a background in developing and
applying BNs in clinical settings and received support from the authors for
any technical questions that arose.

Causal structure We asked the expert to define a Directed Acyclic
Graph (DAG) which (partially) models the domain of respiratory diseases in
primary care, shown in Fig. 6.3. In this DAG, a directed arrow between two
variables models a causal relation between them. Central to the model are
the diagnoses of pneumonia and common cold, which may give rise to five
symptoms (dyspnea, cough, pain, fever and nasal). The expert also mod-
eled some relevant underlying conditions which may render a patient more
predisposed to certain diagnoses or symptoms: asthma, smoking, COPD
and hay fever. Based on the symptoms experienced by a patient, a primary
care doctor decides whether to prescribe antibiotics or not. The presence
and severity of the symptoms, as well as the prescription of antibiotics as a
treatment, influence the outcome, which is the total number of days that the
patient eventually stays home as a result of illness (days at home). Finally,
there are some non-clinical variables which exert an external influence on
the diagnoses, treatment and outcome (season, policy and self-employed).
Table 6.1 summarizes all variables and their meaning, as well as their pos-
sible values. While this model is a simplification of a real-world clinical
process, we believe it is sufficiently realistic to fulfill our purpose of gener-
ating a simulated dataset.

Probability distribution To define a data generating mechanism from
which we can sample simulated patients, we turn the DAG from Fig. 6.3
into a BN by defining a joint probability distribution. This distribution,
shown in Equation 6.1, factorizes into 16 conditional distributions, one for
each variable.
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Table 6.1: Description of all 16 tabular variables in our dataset, including
their type (underlying condition, diagnosis, symptom, non-clinical, treat-
ment or outcome), and their possible values.

Name Type Description Values

Asthma underlying condition Chronic lung disease in which the airways narrow and swell. yes/no
Smoking underlying condition Whether the patient is a regular smoker of tobacco. yes/no
COPD underlying condition Chronic Obstructive Pulmonary Disease, where airflow from the lungs

is obstructed.
yes/no

Hay fever underlying condition Allergic rhinitis, irritation of the nose caused by an allergen (e.g. pollen). yes/no
Season non-clinical Season of the year. winter/summer
Pneumonia diagnosis Infection that inflames the air sacs in one or both lungs. yes/no
Common cold diagnosis Upper respiratory tract infection, irritation and swelling of the upper

airways.
yes/no

Dyspnea symptom Shortness of breath, the feeling of not getting enough air. yes/no
Cough symptom Any type of cough. yes/no
Pain symptom Pain related to the airways or chest area. yes/no
Fever symptom Elevation of body temperature. high/low/none
Nasal symptom Nasal symptoms, such as runny nose or sneezing. yes/no
Policy non-clinical Whether the clinician has higher or lower prior inclination to prescribe

antibiotics. Can be influenced by many factors, such as local policy in
their general practice, their own caution towards antibiotics or level of
experience.

high/low

Self-employed non-clinical Whether the patient is self-employed, rendering them less inclined to
stay home from work for longer periods.

yes/no

Antibiotics treatment Whether any type of antibiotics are prescribed to the patient. yes/no
Days at home outcome How many days the patient ends up staying home as a result of their

symptoms and treatment.
discrete (0− ...)

Pjoint(asthma, smoking, ..., antibiotics, days at home) =
P(asthma)P(smoking)P(COPD | smoking)P(hay fever)P(season)P(common cold | season)
P(pneumonia | asthma, COPD, season)P(dyspnea | asthma, smoking, COPD, pneumonia, hay fever)
P(cough | asthma, smoking, COPD, pneumonia, common cold)P(nasal | common cold, hay fever)
P(pain | cough, pneumonia, COPD, common cold)P(fever | pneumonia, common cold)
P(policy)P(self-employed)P(antibiotics | policy, dyspnea, cough, pain, fever)
P(days at home | antibiotics, dyspnea, cough, pain, fever, nasal, self-employed)

(6.1)

We use four different approaches to parameterize these conditional distri-
butions. For this process, we again rely on our expert primary care prac-
titioner. Given that SimSUM is intended as a simplified, controlled bench-
mark rather than a reflection of real EHR variability, we find input from a
single domain expert sufficient to guide the design of its probability distri-
bution.

1. Conditional probability table When the variable is discrete and
has a limited number of parents, we ask the expert to define a Conditional
Probability Table (CPT). We provide these tables for the variables asthma,
smoking, hay fever, COPD, season, pneumonia, common cold, fever, policy
and self-employed in Figure 6.4. The probabilities in the tables were filled in
based on the expert’s own experience, as well as demographics in their local
general practice and Belgium. While we do not expect these probabilities to
generalize to the global patient population as a whole, an expert-informed
distribution which contains realistic elements suffices for our use-case.

2. Noisy-OR distribution For categorical variables with many parents,
it becomes infeasible to manually fill in the CPT in a clinically meaningful
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COPD
smoking

= yes
smoking

= no

yes 0.073 0.0075

no 0.927 0.9925

common cold
season
= winter

season
= summer

yes 0.500 0.050

no 0.500 0.995

asthma

yes 0.095

no 0.905

smoking

yes 0.19

no 0.81

hay fever

yes 0.015

no 0.985

season

winter 0.400

summer 0.600

policy

high 0.65

low 0.35

self-employed

yes 0.11

no 0.89

pneumonia

COPD = yes COPD = no

asthma = yes asthma = no asthma = yes asthma = no

season
= winter

season 
= summer 

season
= winter

season 
= summer

season
= winter

season 
= summer

season
= winter

season 
= summer

yes 0.04 0.013 0.04 0.013 0.02 0.0065 0.015 0.005

no 0.96 0.987 0.96 0.987 0.98 0.9935 0.985 0.995

fever

pneumonia = yes pneumonia = no

common
cold = yes

common 
cold = no

common
cold = yes

common
cold = no

high 0.80 0.80 0.05 0.05

low 0.15 0.10 0.20 0.15

none 0.05 0.10 0.75 0.80

Figure 6.4: CPTs for the variables asthma, smoking, hay fever, COPD, sea-
son, pneumonia, common cold, fever, policy and self-employed.

way, because of the large number of possible combinations of parent val-
ues. This is the case for the symptoms dyspnea, cough, pain and nasal in
our BN. To circumvent this problem, we define a Noisy-OR distribution,
which assumes an independent causal mechanism behind the activation of
a symptom through any of its parents [Koller and Friedman, 2009]. This
is a reasonable assumption to make in the case of symptoms with multiple
possible causes (parents in the BN): a symptom arises in a patient if any
of its possible causes succeeds in activating the symptom through its own
independent mechanism [Oniśko et al., 2001, Koller and Friedman, 2009].
As shown in Equation 6.2, the parameterization of the Noisy-OR distribu-
tion rests on choosing each parameter pi, which is the probability that a
possible cause Xi activates symptom Y . As a special case, p0, also known
as the leak probability, is the probability that symptom Y is activated as
the result of another unmodeled cause (outside of all Xi’s). Note that xi is
1 when the cause Xi is present in the patient (“yes” in our BN), and 0 if
not.

P(Y = 1 | X1 = x1, . . . , Xk = xk)

= 1− P(Y = 0 | X1 = x1, . . . ., Xk = Xk)

= 1− (1− p0)(1− p1)
x1 . . . (1− pk)

xk

= Noisy-OR(p0, p1, . . . , pk;x1, . . . , xk), with x1, . . . , xk ∈ {0, 1}

(6.2)

Equations 6.3 through 6.6 define such a Noisy-OR distribution for the symp-
toms dyspnea, cough, pain and nasal. Note that the symptom fever is fully
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defined through a CPT, since the expert was able to provide intuition on
all possible combinations of its two parent values, eliminating the need for
a Noisy-OR distribution.

P(dysp | asthma, smoking, COPD, hayf, pneu) = Noisy-OR(p0 = 0.05,

pasthma = 0.9, psmoking = 0.3, pCOPD = 0.9, phayf = 0.2, ppneu = 0.3)

(6.3)

P(cough | asthma, smoking, COPD, pneu, cold) = Noisy-OR(p0 = 0.07,

pasthma = 0.3, psmoking = 0.6, pCOPD = 0.4, ppneu = 0.85, pcold = 0.7)

(6.4)

P(pain | COPD , cough, pneu, cold) = Noisy-OR(p0 = 0.05, pCOPD = 0.15,

pcough = 0.2, ppneu = 0.3, pcold = 0.1)

(6.5)

P(nasal | hayf, cold) = Noisy-OR(p0 = 0.1, phayf = 0.85, pcold = 0.7)
(6.6)

3. Logistic regression We model the prescription of antibiotics by
mimicking the way the clinician’s suspicion of pneumonia (which needs to be
treated with antibiotics) rises when a higher number of symptoms is present
in the patient, with some symptoms weighing more than others. Once
their level of suspicion reaches a certain threshold, they decide to prescribe
treatment. As shown in Equation 6.7, this process can be approximated
in a simplified way through a logistic regression model, taking as an input
the symptoms dyspnea, cough, pain and fever, as well as the variable policy.
Here, xpo (policy) can take on the values 1 (high) or 0 (low), xd (dyspnea),
xc (cough) and xpa (pain) can take on the value 1 (yes) or 0 (no), and xf

(fever) can be 2 (high), 1 (low) or 0 (none).

P(antibio = yes | policy = xpo, dysp = xd, cough = xc, pain = xpa, fever = xf )

= Sigmoid(−3 + 1× xpo + 0.8× xd + 0.665× xc + 0.665× xpa + 0.9× (xf == 1)

+ 2.25× (xf == 2)), with xpo, xd, xc, xpa ∈ {0, 1}, and xf ∈ {0, 1, 2}
(6.7)

We decided on the weights in this model with help of the expert. First,
we set the bias term and the coefficient for policy based on the following
constraint: if there’s no symptoms at all, and policy is low, then the proba-
bility of prescribing antibiotics (due to some other unmodeled cause) should
be around 5% . If policy is high, it should be around 10%. All other co-
efficients were then chosen by the expert based on the relative importance
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of the symptoms when deciding to prescribe antibiotics. As a final sanity-
check, we asked the expert to label a set of test cases with whether or not
they would prescribe antibiotics, and compared these with the probability
predicted by the model. Table 6.6 in Appendix 6.5.1 shows these results.
We see that the predictions made by the model mostly correspond well with
the desired input-output behavior, indicating that the proposed coefficients
make sense.

4. Poisson regression In a similar fashion, we model the number of days
at home as a result of the patient’s complaints with a Poisson regression
model. Assuming a non-linear effect of prescribing antibiotics, we define two
separate models: one where antibiotics were not prescribed (Equation 6.8),
and one where they were (Equation 6.9). Both models take as an input
the symptoms dysp, cough, pain, nasal and fever, as well as the variable
self-employed, and predict a mean number of days λ, which parameterizes
the Poisson distribution.

P(days at home | dysp = xd, cough = xc, pain = xpa,nasal = xn, fever = xf ,

self-empl = xse, antibio = no) = Poisson(λ0)

λ0 = exp(0.010 + 0.64× xd + 0.35× xc + 0.47× xpa + 0.011× xn

+ 0.81× (xf == 1) + 1.23× (xf == 2)− 0.5× xse)

with xd, xc, xpa, xn, xse ∈ {0, 1}, and xf ∈ {0, 1, 2}
(6.8)

P(days at home | dysp = xd, cough = xc, pain = xpa,nasal = xn, fever = xf ,

selfempl = xse, antibio = yes) = Poisson(λ1)

λ1 = exp(0.16 + 0.51× xd + 0.42× xc + 0.26× xpa + 0.0051× xn

+ 0.24× (xf == 1) + 0.57× (xf == 2)− 0.5× xse)

with xd, xc, xpa, xn, xse ∈ {0, 1}, and xf ∈ {0, 1, 2}
(6.9)

The coefficients for each model were tuned using gradient descent based
on the train cases shown in Table 6.7 in Appendix 6.5.1. The expert was
asked to (loosely) label these cases with how long they suspected the patient
to stay home as a result of these symptoms. The coefficient for the vari-
able self-employed was tuned manually, based on the assumption that being
self-employed would shave some days off the predicted number, regardless
of the particular symptoms experienced by the patient. As a sanity check,
we compared the mean number of days predicted by the model (parameter
λ in the Poisson model) with the number of days estimated by the expert
for a small set of test cases which were not seen during training. The results
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are shown in Table 6.8 in Appendix 6.5.1.

Sampling Once the joint probability distribution from Equation 6.1 is
fully specified, we can use this BN to randomly sample the tabular portion
of a patient record top-down. Hereby, we start from the root variables with-
out parents at the top and continue further down. Each value is sampled
conditionally on the variable’s parents’ values, using the conditional distri-
butions we have defined. We repeat this process 10,000 times, leaving us
with 10,000 artificial patient records consisting of 16 tabular features.

6.2.2 Generating unstructured text with a large lan-
guage model

Once the tabular patient record has been generated, we prompt an LLM
(in this case GPT-4o) to write a clinical note based on this fictional pa-
tient encounter and its associated tabular variables. Only the background
variables and symptoms may be directly mentioned in the prompt, while
the diagnoses pneumonia and common cold would not yet be known to a
clinician who is taking notes during a consultation and are therefore left
out. Realistically, they can still influence the content of the note through
the descriptions of the symptoms that are included in the prompt, as will
be explained later. The treatment and outcome are left out of the prompt
as well, just like the non-clinical variables, as all of these are typically either
unknown or irrelevant at the time of writing the note.

The prompt is generally structured like the example shown in Fig. 6.3,
and is made up of the following parts. Further details and additional exam-
ple prompts can be found in Appendix 6.5.2.1.

• First, we list the symptoms which are experienced by the patient. We
do not exhaustively list the full set of symptoms, but rather sample the
probability that a symptom is mentioned according to a distribution
defined by the expert. This renders the notes more realistic, since
real notes do not exhaustively mention the presence or absence of all
possible symptoms, instead following the narrative of the patient and
the subsequent probing of the clinician.

• While we encourage the LLM to invent additional context around the
patient’s symptoms, we want this context to at least partially relate
to the underlying cause of the symptom. For this reason, we include a
descriptor next to each symptom, which is randomly sampled from
a set of expert-defined phrases that describe the symptom in the case
where it results from a particular cause. This way, the diagnoses can
influence the content of the note, even when they are not mentioned
explicitly in the prompt. The full list of descriptors, as well as further
information on how we sample them, is included in Table 6.9 in the
Appendix.
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• The next part of the prompt lists the underlying health conditions,
which are assumed to be known up-front, and could therefore influence
the content of the note.

• At the end, the prompt lists some additional instructions. We tell
the LLM that the note must be structured with a “History” portion
and a “Physical examination” portion. We also ask it not to mention
any suspicions of possible diagnoses, nor patient gender or age. Fur-
ther motivation for these requests can be found in Appendix 6.5.2.1.

Furthermore, we introduce two additional prompts to extend our dataset
and make the notes more realistic.

• Real clinical notes can be challenging, often containing abbreviations,
shortcuts and denser sentence structure. To make the notes more
challenging, we ask the LLM to create a compact version of each
note through an additional prompt, as can be seen in the bottom part
of Fig. 6.3.

• We devise an alternative prompting strategy which is used to generate
clinical notes in the special case where no respiratory symptoms
are present in the patient record. This occurs for around one third
of our dataset. In these cases, we encourage the LLM to imagine
an alternative reason for the patient visit, unrelated to the respira-
tory domain. Examples and further details relating to this alternative
strategy are included in Appendix 6.5.2.3.

According to the prompts outlined above, we ask the LLM to generate
both a clinical note and its compact version for each of the 10,000 patients
in the dataset. After generating each note, we use the LLM to perform an
additional consistency check to ensure the quality of the generated notes.
More specifically, we prompt the LLM once again, showing it the same
information on the patient’s symptoms and underlying health conditions
as in the original prompt. We then ask the LLM to decide whether the
generated note is consistent with this information or not. This way, the
LLM identified 52 out of 10,000 notes as inconsistent with the prompt,
which were regenerated and manually checked.

6.2.3 Automated extraction of symptom spans
To further enhance the dataset, we annotated the notes with all spans that
mention a symptom. We automatically extracted these phrases from the
note using additional LLM calls.

Normal notes Fig. 6.5a shows the prompt and the extracted phrases
for one of the normal notes. We first tell the LLM what symptoms the
patient does and does not have, and then ask it to extract phrases that
describe these symptoms. We use the system message to send extensive
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The following information is known about the patient's symptoms:
- dyspnea: yes
- cough: yes
- nasal symptoms: no
- respiratory pain: yes
- fever: none

Following the instructions you received, please extract from the following
clinical note all phrases (verbatim) that describe these symptoms:

< Clinical note > 

Prompt

GPT-4o

History 
The patient presents with a gurgling cough that has
persisted for a few days. There is accompanying
muscle pain associated with respiration. The
patient also reports experiencing mild dyspnea but
denies having had any fever. The patient has a
history of smoking, which may be contributing to
the respiratory issues. The cough disrupts sleep,
and over-the-counter cough medicine has not
provided significant relief. 

Physical Examination
Upon examination, the patient appears mildly
distressed but alert. Respiratory rate is slightly
elevated. Auscultation reveals scattered rhonchi
with poor air movement noted bilaterally. There is
tenderness to palpation over the intercostal
muscles. No cyanosis or labored breathing is
observed. Mucous membranes are moist, and
there is no observed fever.

Extracted spans

Cough

Dyspnea

Respiratory pain

Fever

Nasal symptoms

(a) LLM-based annotation of a
normal clinical note with symptom
spans. The model is prompted to
return a JSON object of the form
{“symptom”: symptom, “text”:
extracted phrase}.

Clinical note, version 1: 
< Normal note > 

Extracted phrases: 
[
"gurgling cough that has persisted for a few days", 
"muscle pain associated with respiration", 
"mild dyspnea", 
"denies having had any fever", 
"cough disrupts sleep", 
"tenderness to palpatation over the intercostal muscles"
"no observed fever"
]

Please extract the equivalent phrases from the second version of the
note.

Clinical note, version 2:
< Compact note >

Prompt

GPT-4o

History
Pt presents with gurgling cough x few days.
+muscle pain w/ respiration. Reports mild dyspnea,
denies fever. Smoker. Cough disrupts sleep, OTC
meds ineffective. 

Physical Examination
Pt mildly distressed, alert. RR slight ↑. Ausc:
scattered rhonchi, poor air mvmt bilaterally. TTP
over intercostal muscles. No cyanosis or labored
breathing. MM moist, afebrile.

Extracted spans

Cough

Dyspnea

Respiratory pain

Fever

Nasal symptoms

(b) LLM-based annotation of a com-
pact clinical note using spans previ-
ously extracted from the corresponding
normal note. For clarity, we highlight
the extracted spans in the note rather
than displaying the raw JSON.

Figure 6.5: Prompting strategy for extracting symptom spans from (a)
normal and (b) compact clinical notes using an LLM. Full task instructions
are in Appendix 6.5.3

task instructions to the LLM, which we have included in Appendix 6.5.3.
We further process the extracted phrases by matching them to the note,
disregarding capital letters and punctuation. If no exact match is found, we
use another LLM call to correct the mistake, asking it to map the extracted
phrase to an exact phrase in the text.

Compact notes For the compact notes, we proceed differently, as
shown in Fig. 6.5b. We first tell the LLM which phrases were extracted
from the normal note, and ask it to match these with the compact version
of the note. We found that this worked better than asking it to extract
phrases from the compact note from scratch. As with the normal notes, we
post-process the extracted phrases by matching them to the text and asking
the LLM to correct itself when no exact match is found.

Using the strategy outlined above, we extract all text spans mentioning
each of the 5 symptoms from all 10,000 notes in our dataset. In Section
6.3.2, we use these fine-grained extracted spans to analyze the content of
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the notes and quantify the presence of each symptom in the textual portion
of SimSUM.

6.3 Utility and discussion
We now present a series of experiments to illustrate the utility and potential
of our dataset. First, Section 6.3.1 reports the results of an expert evaluation
study assessing the quality of the artificial clinical notes generated by the
LLM. Next, Section 6.3.2 uses the extracted symptom spans to further
analyze the content of the notes. Following this, Section 6.3.3 evaluates
the performance of simple symptom prediction models applied to both the
tabular and textual portions of the dataset. Finally, Section 6.3.4 explores
the broader research applications of the dataset, including but not limited
to CIE.

6.3.1 Expert evaluation of generated notes
We asked five general practitioners to evaluate the quality of a random
sample of 30 generated notes. The primary aim of our evaluation study was
to assess whether the generated notes adhered to the instructions provided
in the prompt. As a secondary aim, we sought to gain an indication of how
realistic the content of the notes appeared. We invited general practitioners
with an affiliation to the Department of Primary Care at our institution
to take part in the evaluation study. The participants were recruited via
email, and included based on their willingness to participate when provided
information about the task’s duration. The evaluators got to see the two
versions of the generated note (normal and compact), as well as the prompt
that was used to generate them.

6.3.1.1 Evaluation criteria

The evaluators were asked to rate four criteria for each clinical note:
1. Consistency: The description of the patient’s symptoms and un-

derlying health conditions must correspond with the instructions pro-
vided in the prompt.

2. Realism: The context and details invented by the LLM and added to
the “history” portion of the note should be realistic given the symp-
toms experienced by the patient, as detailed in the prompt. Further-
more, the elements that are checked in the “physical examination”
must be realistic in light of the patient information described in the
“history”. Both aspects are evaluated separately, focusing on content
(what information is included in the note), rather than format (how
the information is written down).
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Table 6.2: Results of the expert evaluation study. We report average scores
(ranging from 1-5) over 30 notes, together with their standard deviation
over the five evaluators.

Normal Compact

Consis-
tency

Realism
(hist)

Realism
(phys)

Clinical
accuracy

Content Reada-
bility

mean 4.69 4.53 4.15 4.92 4.88 4.02
std 0.12 0.21 0.30 0.07 0.10 0.31

3. Clinical accuracy: The findings described in the “physical examina-
tion” must be clinically accurate, both in a standalone fashion and in
relation to the patient’s symptoms described in the “history”.

4. Quality of compact version: The content of the compact version
of the note must correspond well with the original note, and remain
readable despite the use of abbreviations and shortcuts. We evaluate
both aspects separately.

To measure consistency, the evaluators were asked to assign a penalty
for every element in the note that does not correspond with the requested
information in the prompt, and for every symptom requested in the prompt
that was missing from the generated note. These penalties were then turned
into ratings from 1 (>3 penalties) to 5 (0 penalties). All other aspects were
directly rated on a scale of 1 (very bad) to 5 (perfect). To ensure the clarity
and intuitiveness of the evaluation criteria, we conducted a pilot run of the
evaluation process and obtained feedback from a general practitioner who
did not participate in the final study. For more details on the meaning of
each rating in each criterion, as well as inter-annotator agreement scores,
we refer to Appendix 6.5.4.

6.3.1.2 Evaluation results

Table 6.2 shows the results of the evaluation study. For each rated crite-
rion, we calculate the average score over all 30 notes, and report the mean
and standard deviation over the five evaluators. Our artificial notes were
rated as highly consistent with the prompt, and therefore with the informa-
tion present in the tabular portion of the dataset. As shown in Appendix
6.5.4.2, a large majority of the inconsistencies arise due to a violation of the
additional instructions (usually by inventing additional symptoms), while
the key information included in the prompt was still conveyed correctly in
the note. High consistency between the tabular variables and the concepts
mentioned in the text makes our dataset a reliable resource for information
extraction tasks.
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The evaluators also deem the notes sufficiently realistic, though the re-
alism of the history section is rated higher on average than the realism of
the physical examination. Out of those notes that scored worse, many in-
cluded a clinical test that seemed unnecessary to the evaluators, while a few
forgot a test that was deemed important. At the same time, the very high
score for clinical accuracy is an important indication that the notes do not
contain falsehoods. Multiple evaluators mentioned that while the content of
the notes seemed realistic, the format did not, as their own notes would be
more complex as opposed to the artificial notes, which use clean language
and full sentences. This underscores the fact that the dataset should not be
used to train any systems which will later be deployed on real notes, and
should instead fulfill the role of a research benchmark only.

The compact versions of the notes score very well on content, mostly
conveying the same information as the original. They score a little lower in
terms of readability, which evaluators often attributed to the extensive use
of abbreviations.

6.3.2 Analysis of generated notes with symptom spans
The symptom spans extracted in Section 6.2.3 allow us to quantify the pres-
ence of each of the 5 symptoms in the notes. We first evaluate the accuracy
of the extracted spans with a small manual evaluation, after which we use
the spans to analyze the content of the notes.

Manual evaluation To assess the quality of the automated span ex-
traction process, we conducted an evaluation study over 100 randomly se-
lected notes. We manually annotated each of these notes with phrases that
were missed and phrases that were extracted incorrectly. From this, we
calculated precision (how many extracted phrases are correct, over the to-
tal number of extracted phrases per note) and recall (how many extracted
phrases are correct, over the total number of phrases that should have been
extracted per note). Averaging these metrics over this set of 100 notes yields
a precision of 94.06% and recall of 98.78% for the normal notes, and a pre-
cision of 93.55% and recall of 94.50% for the compact notes.

Descriptive statistics The extracted spans allow us to calculate statis-
tics on the presence of each of the 5 symptoms in the notes, which are re-
ported in Table 6.3. We highlight some of the most interesting findings.
Table 6.3(a) shows that on average, less spans were extracted for the com-
pact notes than for the normal notes. The explanation is probably two-fold:
while some descriptions could be missing from the compact notes entirely,
their challenging nature also means more mistakes will be made in the au-
tomated extraction, leading to some spans being missed (as reflected by
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the lower average recall in our manual evaluation). The symptom pain is
mentioned much less than the other 4 symptoms, even when it is present
in the patient. Unsurprisingly, the average span length is much shorter in
the compact notes, both in terms of words and characters. According to
the extracted spans, most of the symptoms are described in the “history”
portion of the clinical note, with proportions differing considerably between
symptoms. The percentages of symptoms being mentioned at least once
in the note (see Table 6.3(b)) correspond quite well with the probabilities
used to build the prompt, as defined in Section 6.2.2. The average number
of times a symptom is mentioned per note is much lower when the symp-
tom is not present in the patient. In total, 16.3% of all normal notes do
not mention any of the 5 symptoms at all (no spans extracted), while this
percentage is 16.4% for the compact notes.

6.3.3 Symptom predictor baselines
In order to set a baseline for future information extraction tasks, such as
the one envisioned in Fig. 6.2, we run various prediction models on both
the tabular and textual parts of the dataset. These models are trained to
predict each of the five symptoms: dyspnea, cough, pain, fever and nasal.
Symptom prediction is a useful task to show the utility of our dataset, since
information about the symptoms can be inferred from both the tabular
portion of the dataset (through the other variables), as well as the textual
portion of our dataset (the clinical notes which partially describe the symp-
toms).

Section 6.3.3.1 describes the task setup and gives an overview of the
various types of baselines we run on our dataset. Section 6.3.3.2 provides a
detailed overview of each baseline model, followed by Section 6.3.3.3, which
analyzes their performance on the task of automated symptom extraction
using the SimSUM dataset.

6.3.3.1 Task overview

Tabular-only baselines Two of our baselines only get to see the tabular
portion of the dataset at the input: Bayesian network (BN-tab) and XG-
Boost (XGBoost-tab). We include XGBoost because it has consistently
demonstrated state-of-the-art performance on a wide range of tabular pre-
diction tasks, often serving as a strong baseline in machine learning bench-
marks [Shwartz-Ziv and Armon, 2022]. We use both models to predict each
symptom in three settings, differing from one another in the set of tabular
features that are taken as an input, which we call the evidence:

• P(sympt | all): Predict the symptom given all other tabular features
as evidence. This set includes the background, diagnoses, non-clinical,
treatment and outcome variables, as well as the other symptoms.
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• P(sympt | no-sympt): Predict the symptom given all other tabular
features as evidence, except for the other symptoms. This mimics
the setting where we have tabular features available in the patient
record, but have not extracted any symptoms from the text yet. This
set includes the background, diagnoses, non-clinical, treatment and
outcome variables.

• P(sympt | realistic): Predict the symptom given a more realistic set of
tabular features as evidence. We do not expect policy, self-employed
and days at home to be recorded in any kind of realistic patient record,
and therefore leave them out of this evidence set. As in the no-sympt
setting, we do not include the symptoms either. In other words, this
set includes the background, diagnoses, season and treatment vari-
ables.

Text baselines Apart from the tabular-only baselines, we also train
baselines that get to see the text. Our neural-text classifier takes only the
text as an input (in the form of a pretrained clinical sentence embedding)
and outputs the probability that a symptom is mentioned in the text. We
extend this text-only baseline by concatenating a numerical representation
of the tabular features to the text embedding at the input, forming the
neural-text-tab baseline. Again, we do this for each of the three evidence
settings outlined above. Note that this is the only model that combines
both the background knowledge available in the tabular features with the
unstructured text, and it does so in a naive way. Future work will focus on
improving the performance of this model by exploiting the relations between
the tabular concepts, as envisioned in Fig. 6.2.

6.3.3.2 Models

BN-tab We provide the causal structure in Fig. 6.3 to the BN, and
learn all parameters in the CPTs, Noisy-OR distributions, logistic regres-
sion model and Poisson regression model from the training data. In each
case, we use maximum likelihood estimation to estimate the parameters.
Where we do not directly learn a CPT (for the variables dyspnea, cough,
pain, nasal, antibiotics and days at home), we evaluate the learned distribu-
tion for each combination of child and parent values to obtain a CPT. For
more details, we refer to Appendix 6.5.5.1. We then use variable elimination
over the full joint distribution to evaluate the capability of the learned BN to
predict each of the symptoms, taking different sets of variables as evidence
according to the three settings described earlier (all, no-sympt and realistic).

XGBoost-tab We train an XGBoost classifier for each symptom in com-
bination with each of the three evidence settings, meaning each classifier
sees a different set of tabular features at the input. We optimize the hy-
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perparameters separately for each combination (15 in total) using 5-fold
cross-validation. For more details, we refer to Appendix 6.5.5.2.

Neural-text We train a neural classifier that takes only the text as an
input and is trained to predict the probability a symptom is mentioned. We
train separate classifiers for each symptom. We first split the text into sen-
tences, and transform these into an embedding using the pretrained clinical
representation model BioLORD-2023 [Remy et al., 2024]. We explore four
settings for turning these sentence embeddings into a single note embedding:

• hist : We average all sentence embeddings for the sentences in the
“history” portion of the note.

• phys: We average all sentence embeddings for the sentences in the
“physical examination” portion of the note.

• mean: To get a single representation for the full note, we take the
average of the hist and phys embeddings.

• concat : Idem as previous, but now the embeddings for the two por-
tions are concatenated.

Additionally, we create symptom-specific span embeddings for each note as
well. To this end, we take the set of spans mentioning the symptom in each
note (as extracted automatically in Section 6.2.3), transform each of these
spans into their BioLORD embedding, and take the average to get one span
embedding per symptom per note. No matter the type, each note embed-
ding is fed into a multi-layer perceptron with one hidden layer, followed
by a Sigmoid activation for the symptoms dyspnea, cough, pain and nasal,
and a Softmax activation with 3 outputs heads for the symptom fever.
We trained each model (i.e. each combination of symptom and embedding
type) using the binary or multiclass cross-entropy objective over the symp-
tom labels. For more details, we refer to Appendix 6.5.5.3.

Neural-text-tab We extend the neural-text baseline by concatenating
the mean text embeddings with the tabular variables at the input of each
neural classifier. All categorical tabular variables were first transformed to
a one-hot encoding, while the variable days at home was preprocessed us-
ing standard scaling. We used the same architecture as the neural-text
baseline (only changing the dimension of the input layer), and again trained
separate classifiers for each symptom combined with each evidence setting
(all, no-sympt and realistic). For more details, we refer to Appendix 6.5.5.4.

Training setup We use a random 8,000/2,000 split to obtain a train
and test subset of SimSUM. We use cross-validation on the train set to tune
any hyperparameters associated with each model, and report the average
F1-score over the test set after training with 5 different seeds. Seeding
randomizes the initialization of the model weights, as well as batching. For
the binary symptoms, we use a 0.5 decision threshold. For fever, which has
three possible categories, the class with the highest predicted probability is
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Table 6.4: F1-score obtained over the test set for each of our baseline models.
For fever, we report the macro F1 score over all three categories. The results
for the text classifiers trained over the normal vs. the compact version of the
notes are grouped together for readability. We report results for the mean
embedding type, while neural-text baseline results for the other embedding
types can be found in Table 6.5. We underline the best result obtained by
the tabular-only models, while the best overall result per symptom and note
version is in shown in bold.

dyspnea cough pain nasal fever

BN-tab
- all 0.7370 0.7816 0.2386 0.7146 0.4864
- no-sympt 0.7153 0.7776 0.1312 0.7146 0.4384
- realistic 0.6698 0.7763 0.0280 0.7146 0.3594
XGBoost-tab
- all 0.6639 0.7848 0.4070 0.7130 0.4111
- no-sympt 0.6612 0.7779 0.3638 0.7146 0.4015
- realistic 0.6626 0.7798 0.3698 0.7146 0.3951

neural-text
- normal 0.9617 0.9603 0.8143 0.9628 0.9096
neural-text-tab
- normal + all 0.9544 0.9555 0.8191 0.9613 0.9091
- normal + no-sympt 0.9594 0.9577 0.8155 0.9611 0.8996
- normal + realistic 0.9569 0.9596 0.8266 0.9591 0.9029

neural-text
- compact 0.9444 0.9397 0.7940 0.9622 0.9010
neural-text-tab
- compact + all 0.9532 0.9395 0.7873 0.9589 0.8962
- compact + no-sympt 0.9429 0.9456 0.7856 0.9632 0.8973
- compact + realistic 0.9379 0.9480 0.7922 0.9630 0.9025

chosen.

6.3.3.3 Symptom predictor results

Table 6.4 compares the results obtained for all baselines, using the mean
embedding type for the text-based classifiers. The tabular-only baselines
(BN-tab and XGBoost-tab) perform consistently worse than the base-
lines that include text (neural-text and neural-text-tab). The evidence
setting where all other features are included as evidence usually performs
better than the other settings.

For the text baselines, we note that there is little room for improve-
ment in the dyspnea, cough and nasal classifiers. On the other hand, the
symptoms pain and fever are harder to predict. We can assume that this is
largely because these symptoms are mentioned less often in the notes, even
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Table 6.5: Results for the neural-text baseline using different embedding
types at the input. We report F1-score over the test set for both the normal
and compact versions of the notes. The best results per symptoms and per
note version is shown in bold, the runner-up is underlined. Fig. 6.11 in the
Appendix compares these results visually.

Normal dyspnea cough pain nasal fever

Sentence embedding
- hist 0.9520 0.9652 0.8089 0.9504 0.9040
- phys 0.8969 0.8226 0.6956 0.9565 0.8523
- mean 0.9617 0.9603 0.8143 0.9628 0.9096
- concat 0.9504 0.9572 0.8268 0.9589 0.9044
Span embedding 0.9730 0.9785 0.8731 0.9712 0.9226

Compact dyspnea cough pain nasal fever

Sentence embedding
- hist 0.9307 0.9523 0.7734 0.9515 0.9001
- phys 0.8824 0.7802 0.6514 0.9531 0.8315
- mean 0.9444 0.9397 0.7940 0.9622 0.9010
- concat 0.9522 0.9473 0.7934 0.9411 0.9007
Span embedding 0.9685 0.9719 0.8613 0.9705 0.9207

if they are present in the patient, as supported by Table 6.3. We also see
a consistent gap in performance between the normal and compact notes,
which can be attributed to the higher complexity of the latter. While the
neural-text-tab baseline does not manage to outperform the neural-text
baseline for the normal notes, we do see marginal improvements by including
the tabular features in the case of the compact notes.

Table 6.5 further breaks down the results for the neural-text classifier
over the different embedding types. We clearly see that the span embeddings
perform best, since this method preselects phrases that are important for the
prediction of a certain symptom. While the same phrases are still implicitly
embedded in the other types, the important information gets diluted as sen-
tence embeddings are averaged, and might even be lost entirely. However,
in a realistic setting, one would rarely have access to these symptom-specific
span embeddings, as this would require either a manual annotation effort,
or a (small) local LLM to facilitate automated annotation in a way that
preserves patient privacy. We do not expect such a local LLM to achieve
near the same span detection performance as GPT-4o, which we were only
able to use in this case due to the artificial nature of our notes. The per-
formance achieved with these span embeddings should therefore be seen as
a best-case reference within our benchmark, rather than an achievable goal
in a practical setting.

Comparing the four different sentence embedding types, the performance
difference between the mean and concat settings is usually small, with mean
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slightly outperforming concat overall. While the score for hist comes close
to those for mean and concat, the latter two usually still outperform the
former for the normal notes, showing that there is some complementary
information in the “history” and “physical examination” portions. At the
same time, we note that using only the hist embedding clearly outperforms
the phys-only setting. This makes sense, as the “history” section of the note
outlines the symptoms experienced by the patient more clearly.

6.3.4 Intended uses
The primary purpose of the SimSUM dataset is to enable research on CIE
in multimodal contexts, where effective integration of structured and un-
structured data is required. A key objective for future work is to real-
ize the approach illustrated in Fig. 6.2, in which domain knowledge links
structured features to textual concepts, enabling more accurate informa-
tion extraction. As demonstrated in the previous section, even a simple
method—concatenating tabular features with text embeddings at the input
of a neural classifier—already improves symptom extraction performance,
particularly on the more challenging, compact notes. This suggests that
background information can help recover symptoms that are mentioned less
explicitly in the text, underscoring the utility of our dataset for developing
and evaluating such approaches.

Apart from this, we also foresee multiple secondary uses of the dataset.
First, the dataset could facilitate research on the automation of clinical rea-
soning over tabular data and text, following our previous work in Rabaey
et al. [2024c]. Second, it could be used to benchmark causal effect estima-
tion methods in the presence of textual confounders, as proposed by Arno
et al. [2024] and Ma et al. [2025]. This is possible thanks to the purposeful
inclusion of both a treatment and outcome variable in our dataset. Third,
there has been increasing interest in clinical synthetic data [Hernandez et al.,
2022], where a set of patient characteristics is turned into a synthetic version
that is meant to protect the privacy of individuals in the original dataset.
Our dataset could serve as a benchmark for comparing synthetic data gen-
eration methods that jointly generate tabular variables and text [Lee, 2018,
Guan et al., 2019, Wang and Sun, 2022, Ibrahim et al., 2025]. In short,
any area of research focusing on the intersection of tabular data and text in
healthcare can potentially benefit from our proposed benchmark.

Conversely, there are important limitations to the intended use of Sim-
SUM. As it is fully synthetic—constructed from expert-defined tabular data
and language model–generated notes—it does not capture the full complex-
ity, variability, or noise characteristic of real electronic health records. For
this reason, we strongly advise against using SimSUM to evaluate clinical
model performance or to train models intended for production. Instead,
its value lies in supporting research scenarios, such as those outlined above,
which benefit from the availability of a known and controllable ground-truth
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structure.

6.4 Conclusions
We introduced SimSUM, a simulated dataset of structured and unstruc-
tured medical records designed to support research on clinical information
extraction using background tabular data. By explicitly linking structured
features and textual concepts through a Bayesian network, SimSUM pro-
vides a controlled setting to explore how domain knowledge can enhance
information extraction from clinical notes. Indeed, our baseline results sug-
gest that integrating tabular background features with text improves symp-
tom extraction, particularly for harder-to-predict cases like pain and fever.
Future research can explore more advanced hybrid models that leverage do-
main knowledge to link structured and unstructured data. Additionally, the
annotated symptom spans, though imperfect, offer a foundation for develop-
ing lightweight span detection models and explainable extraction methods.

Limitations Despite aiming for realism, SimSUM intentionally simpli-
fies many aspects of real-world clinical data to support its role as a con-
trolled research benchmark. The dataset is synthetic by design, with known
ground-truth relationships, and is not intended to generalize to real clinical
notes or settings. Expert reviewers confirmed that while the content of the
notes is generally plausible, the writing style does not reflect how clinicians
typically document patient encounters. Additionally, SimSUM represents
static patient snapshots rather than evolving time series, which limits its
applicability in domains like intensive care where temporal dynamics are
critical.
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6.5 Appendix

6.5.1 Bayesian network
Table 6.6 shows the comparison of the probability predicted by the antibi-
otics model (Equation 6.7 in Section 6.2.1) with test cases labeled by the
expert. Table 6.7 shows the expert-labeled train cases that were used to fit
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Table 6.6: Test cases labeled by the expert on whether to prescribe an-
tibiotics or not (all assume policy = low). “label” indicates the expert’s
decision, while “pred” indicates the probability predicted by the antibiotics
model, according to Equation 6.7.

Symptoms Antibiotics

dysp cough pain fever label pred.

no yes no high no 0.48
no yes yes high yes 0.64
yes yes no high yes 0.67
yes yes yes high yes 0.80
yes no no high yes 0.51
no no yes high yes 0.48
no no no high no 0.32
no no no low no 0.11
no yes no low no 0.19
yes yes no low no 0.35
no yes yes low no 0.31
yes yes yes low yes 0.51
yes yes yes none yes 0.30
yes no yes none no 0.18
yes yes no none no 0.18
yes no no none no 0.10
no yes no none no 0.09
no no yes none no 0.09

the coefficients in the # days model (Equation 6.8 and 6.9 in Section 6.2.1).
Table 6.8 shows the comparison of the probability predicted by the # days
model with test cases labeled by the expert.

6.5.2 LLM prompt
6.5.2.1 Prompt details

We prompt an LLM to generate a clinical note based on the tabular variables
associated with each fictional patient record. The scenario we simulate arti-
ficially is as follows. The patient goes to the primary care physician, telling
them their symptoms and possible underlying conditions, along with addi-
tional context on the severity of these symptoms, when they started, and
other details. The physician takes descriptive notes during this consulta-
tion, writing down the (recent) history prescribed by the patient. Then,
based on the patient’s described complaints, they conduct a physical ex-
amination, writing down all findings. Both parts together then form the
textual description of the patient encounter.
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Table 6.7: Train cases labeled by the expert on how many days they expect
a patient to stay home (all assuming self-employed = no), with and with-
out prescribing antibiotics. “label” indicates the expert’s estimation, while
“pred” indicates the mean number of days λ predicted by the days at home
models (Equation 6.8 and 6.9).

Symptoms Days at home
antibio = no antibio = yes

dysp cough pain nasal fever label pred. label pred.

no no no no none 1.5 1 1 1
no yes no no high 4 5 4 3
no yes no no low 2 3 2 2
no yes yes no high 9 8 4 4
yes yes no no high 10 9 5 5
yes yes yes no high 14 15 7 7
no yes yes no low 5 5 3 3
yes yes no no low 6 6 4 4
yes yes yes no low 10 10 5 5
yes yes yes no none 4 4 4 4
no yes yes no none 2 2 2 2
yes yes no no none 3 3 3 3
yes no yes no none 3 3 3 3
no no no yes none 2 1 2 1
no yes no yes high 4 5 4 3
no yes no yes low 2 3 2 2
no yes yes yes high 9 8 4 4
yes yes no yes high 10 9 5 5
yes yes yes yes high 14 15 7 7
no yes yes yes low 5 5 3 3
yes yes no yes low 6 6 4 4
yes yes yes yes low 10 10 5 5
yes yes yes yes none 4 4 4 4
no yes yes yes none 2 2 2 2
yes yes no yes none 3 3 3 3
yes no yes yes none 3 3 3 3
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Table 6.8: Test cases (not part of training set) labeled by the expert on how
many days they expect a patient to stay home (all assuming self-employed =
no), with and without prescribing antibiotics. “label” indicates the expert’s
estimation, while “pred” indicates the mean number of days λ predicted by
the days at home models (Equation 6.8 and 6.9).

Symptoms Days at home
antibio = no antibio = yes

dysp cough pain nasal fever label pred. label pred.

yes no no no high 6 7 4 4
no no yes no high 6 6 3 3
yes no yes no high 12 11 5 5
yes no no no low 4 4 3 3
no no yes no low 4 4 3 2
yes no yes no low 6 7 5 3

We now describe the different parts of the prompt.

Presence of symptoms The first block of information in the prompt
concerns the symptoms experienced by the patient. We do not list the full
set of symptoms exhaustively, since there is a possibility that a patient does
not mention a symptom to the clinician, or that the clinician does not find
it noteworthy enough to write down. We therefore ask our expert to list the
probability of each symptom being mentioned in a clinical note, both when
the symptom is positive and when it is negative. While we do not expect
these arbitrary probabilities to generalize to all settings, it helps to bring
some variety and realism in the notes we generate. The probabilities are as
follows:

• P(mentdysp = yes | dysp = yes) = 0.95, P(mentdysp = yes | dysp =
no) = 0.75

• P(mentcough = yes | cough = yes) = 0.95, P(mentcough = yes |
cough = no) = 0.9

• P(mentpain = yes | pain = yes) = 0.75, P(mentpain = yes | pain =
no) = 0.3

• P(ment fever = yes | fever = high) = 0.95, P(ment fever = yes |
fever = low) = 0.7, P(ment fever = yes | fever = none) = 0.4

• P(mentnasal = yes | nasal = yes) = 0.95, P(mentnasal = yes |
nasal = no) = 0.1

For each symptom, we sample whether it is to be mentioned in the
prompt, conditional on its value, according to the probabilities stated above.
As can be seen in Fig. 6.3, we explicitly tell the model what symptoms to
mention and which to steer clear from. We randomly permute the ordering
of the symptoms in each prompt.
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Symptom descriptors To make the note realistic, the LLM must
invent some context regarding the patient’s symptoms when writing the
history portion of the note. We want this context to indirectly relate to
the cause of these symptoms, as they would in a real patient encounter.
For example, a cough induced by asthma would likely be momentarily and
attack-related, while a cough resulting from pneumonia might be more per-
sistent over the longer term. We therefore ask the expert to write down a
list of adjectives or phrases describing each symptom, conditioned on the
cause of the symptom. These descriptors can be found in Table 6.9. The
list of possible causes for a symptom is simply the list of parents in the BN.

For each symptom which is present in the patient and selected to be
mentioned in the note, we check the tabular patient record for the possi-
ble causes. For example, for the symptom cough, the possible causes are
asthma, smoking, COPD, pneumonia and common cold (its parents in the
BN). In the example in Fig. 6.3, asthma is the only cause present in the
patient. We therefore randomly sample a descriptor from the list of descrip-
tors for cough in the presence of asthma, in this case the adjective “dry”.
This adjective is added in the prompt. If multiple causes are present, we
find the strongest cause, and sample from that list. The strongest cause is
pneumonia, followed by common cold, followed by all other causes. If nei-
ther pneumonia nor common cold is part of the multiple causes, we simply
make a bag of all descriptors associated to the causes which are present in
the patient, and sample from that bag. In the event that no causes are
present, yet a symptom is still observed (which is possible due to the leak
probabilities in the Noisy-OR distributions), we do not add a descriptor.
Note that while the diagnoses pneumonia and common cold should not be
mentioned explicitly, they indirectly and subtly influence the content of the
note through the descriptors, adding another realistic dimension to the con-
tent of the note.

Underlying health conditions While the diagnoses should not be
mentioned directly in the note, it is realistic to assume that the note would
mention underlying health conditions the patient may have. Since these
health conditions are assumed to be known up-front, as they are part of the
history of the patient, they may contribute a lot to the interpretation of the
symptoms by both the patient themselves and the clinician writing down
the note. We therefore add them to the prompt as well, as can be seen in
Fig. 6.3. We do not force the LLM to explicitly mention these in the note,
since it seems feasible that a clinician would not mention them every time.
Should there be more than one underlying condition, we mention them all,
randomly permuting the order. If there are no underlying health conditions,
we simply remove this part of the prompt.

Additional instructions We tell the LLM that the note must be
structured with a “History” portion and a “Physical examination” portion.
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While the “History” portion describes the patient’s self-reported symptoms
and underlying health conditions, which are in large part dictated by the
prompt, the “Physical examination” portion leaves the LLM with more free-
dom to imagine additional clinical examinations which were performed on
the patient. As such, the “Physical examination” portion has a lot of po-
tential for adding complexity, clinical terminology and realism to the note.

We also add some additional instructions to the prompt, asking it not to
mention any suspicions of possible diagnoses. We further tell the LLM it can
imagine context or details, but no additional symptoms. We noticed that
if we left this part out, the LLM would sometimes mention the symptoms
we specifically asked to leave out. We ask not to mention patient gender or
age, because our initial experiments without this instruction revealed that
the LLM often used the same age and gender, which could confound or bias
the notes. Finally, we add that the notes may be long (around 5 lines or
more), to avoid the LLM being too succinct.

Model details and parameters As an LLM, we opted for OpenAI’s
GPT-4o model, using the version released in May 2024 [OpenAI, 2024].
We set the temperature to 1.2 to encourage some more variation in the
notes. Before providing the case-specific prompt, we set the following system
message: “You are a general practitioner, and need to summarize the patient
encounter in a clinical note. Your notes are detailed and extensive.” We set
the max_tokens parameter to 1000. All other parameters were set to their
default values. Generating all 10,000 notes and their compact version cost
around $150.

6.5.2.2 Additional example prompts

Fig. 6.6 and Fig. 6.7 show two additional example prompts.

6.5.2.3 Prompting strategy for special cases

Around one third of all patients in our dataset (3629 out of 10,000 patients
sampled from the BN) do not experience any respiratory symptoms at all
(all symptoms are “no”). If we used the same prompt as before, this would
result in an unrealistic clinical note, since the note would simply list all
symptoms the patient does not have, without giving an actual reason for the
patient’s visit. Furthermore, there would be little variation in these notes.
An example of what would happen should we use the original prompt is
shown in Fig. 6.8.

In these cases, it makes more sense to assume that the patient visits the
doctor because of a complaint unrelated to the respiratory domain, such as
back pain, stomach issues, a skin rash, etc. To generate these special cases,
we use a special prompt, telling the LLM the patient does not experience
any of the 5 respiratory symptoms. When the patient has at least one un-
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Patient

asthm
a

no

sm
oking

yes

C
O

PD
yes

hay fever
no

pneum
onia

no

com
m

on cold
yes

dyspnea
yes

cough
yes

pain
yes

nasal
no

fever
none

C
reate a short clinical note related to the follow

ing patient encounter. 

D
on't m

ention anything about the follow
ing sym

ptom
s:

- cough
- nasal sym

ptom
s

- fever

The patient currently has the follow
ing underlying health conditions,

w
hich m

ay or m
ay not be m

entioned in the note if relevant:
- C

O
PD

- sm
oking

The note has the follow
ing structure: 

**H
istory**

<history>
**Physical Exam

ination**
<physical exam

ination results>

D
o not include any suspicions of possible diagnoses in the clinical note

(no "assessm
ent" field). You can im

agine additional context or details
described by the patient, but no additional sym

ptom
s. D

o not m
ention

patient gender or age. Your notes can be relatively long (around 5 lines
or m

ore in history).

D
o not add a title. D

o not add a final com
m

ent after generating the note. 

(*)

 

Probability of
m

entioning
sym

ptom
 depends

on its presence (*)

The follow
ing inform

ation is know
n about the patient's sym

ptom
s:

- dyspnea: yes, 
difficulty sleeping

- respiratory pain: yes, 
burning pain in trachea

Alw
ays m

ention
background health

conditions

D
escriptor chosen based on cause of

sym
ptom

 (here: C
O

PD
, com

m
on cold)

Prom
pt

G
PT-4o

H
istory

The patient reports experiencing notable dyspnea,
particularly at night, w

hich significantly disrupts
sleep. This difficulty in breathing has been
progressively w

orsening over the past few
 w

eeks.
The patient also describes a burning pain localized
in the tracheal area that occurs sim

ultaneously w
ith

shortness of breath. K
now

n history of chronic
obstructive pulm

onary disease (C
O

PD
) is present,

and the patient adm
its to a long history of sm

oking,
w

hich has spanned several decades. D
espite trying

to reduce cigarette consum
ption, the habit persists.

N
o other underlying health conditions are m

entioned
today. 

Physical Exam
ination

Exam
ination reveals labored breathing w

ith
increased respiratory effort. Breath sounds are
dim

inished bilaterally w
ith occasional w

heezes noted
upon auscultation. N

o use of accessory m
uscles

observed, but the patient appears visibly distressed
during respiration. Pulse oxim

etry show
s oxygen

saturation at 88%
 on room

 air. The chest expansion
appears sym

m
etrical. Blood pressure, heart rate, and

other vital signs are w
ithin norm

al lim
its, though the

patient exhibits a slightly tachypneic respiratory rate
of 22 breaths per m

inute. N
o other abnorm

alities
detected on the general physical exam

.

C
linical note

F
igure

6.7:
A

dditional
exam

ple
prom

pt
w

ith
generated

note.
Since

there
are

m
ultiple

causes
for

the
sym

ptom
dyspnea

(sm
oking,C

O
P

D
)

w
hich

are
present

in
the

patient,the
descriptor

“diffi
culty

sleeping”
w

as
chosen

random
ly

out
of

the
bag

ofdescriptors
for

sm
oking

and
C

O
P

D
from

T
able

6.9.
For

respiratory
pain,the

descriptor
“burning

pain
in

the
trachea”

w
as

chosen
random

ly
out

of
the

descriptors
for

com
m

on
cold.

W
hile

cough
and

C
O

P
D

are
also

possible
causes

for
respiratory

pain,and
are

present
in

the
patient,com

m
on

cold
overrules

the
tw

o
according

to
our

strategy
outlined

in
Section

6.2.2.
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derlying health condition (which is the case in 239 out of 3629 special cases),
we add this to the prompt in the same way as before, like the example in
Fig. 6.9. If not (i.e., for the remaining 3390 out of 3629 special cases),
we tell the LLM not to mention any of those health conditions either, as
shown in Fig. 6.10. The latter prompt asks for three clinical notes at once,
encouraging the LLM to be more creative and not repeat the same scenario
every time, as well as being a little more cost-effective. This is possible
because of the prompt being non-specific to any of these 3390 patients. We
then randomly distribute all generated notes to each tabular patient record
within this subset.

6.5.3 Automated span extraction
To extract spans mentioning each symptom from the normal clinical notes,
we send the following instructions to the LLM in the system message:

I will show you a clinical note containing information on a patient’s symptoms. For each
symptom, I will tell you whether the patient suffers from this symptom or not.

Your task is to extract phrases from the note that mention these symptoms.
The annotation must have the following JSON structure:
[

{
"symptom": one of the symptoms ("dyspnea", "cough", "respiratory pain",
"fever" or "nasal symptoms")
"text": phrase in the text that mentions the symptom and whether it is
present or absent

}
{

"symptom": ...
"text":...

}
...

]

Keep the following instructions in mind:
- The same symptom may be mentioned multiple times. Include all phrases in which a

symptom is mentioned. Consider both the "history" portion of the note, and the "
physical examination" portion of the note.

- Also annotate a symptom if the note mentions that the patient does not suffer from it.
- The phrases do not need to be full sentences, but need to be verbatim as they appear

in the note. You are not allowed to alter any words. If you leave out words, use
...

- Order does not matter.
- You will reply only with the JSON itself, and you will not wrap in JSON markers.
- You can only extract phrases from the "clinical note", not from any of the other text

in the prompt.
- Not all symptoms are necessarily mentioned in the note. Do not include a symptom in

the JSON if you cannot find any implicit or explicit mention of it in the clinical
note.

We then ask the LLM to extract the spans for each note, using the
prompt shown in Fig. 6.5a.

For the compact notes, we tell the LLM to match the spans extracted
from the normal note to the text in the compact note. We send the following
instructions to the LLM in the system message:
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C
reate a short clinical note related to the follow

ing patient encounter. 

The follow
ing inform

ation is know
n about the patient's sym

ptom
s:

- cough: no
- respiratory pain: no
- fever: none
- nasal sym

ptom
s: no

- dyspnea: no

The note has the follow
ing structure: 

**H
istory**

<history>
**Physical Exam

ination**
<physical exam

ination results>

D
o not include any suspicions of possible diagnoses in the clinical note

(no "assessm
ent" field). You can im

agine additional context or details
described by the patient, but no additional sym

ptom
s. D

o not m
ention

patient gender or age. Your notes can be relatively long (around 5 lines
or m

ore in history).

D
o not add a title. D

o not add a final com
m

ent after generating the note. 

Prom
pt

H
istory

The patient presented for a routine w
ellness exam

ination w
ithout any

acute com
plaints. They have not experienced fever, cough, nasal

congestion, pain, or dyspnea. Patient reports m
aintaining a balanced

diet and regular exercise regim
en w

ithout significant alterations since the
last visit. There is no recent history of travel, new

 m
edications, or

exposure to know
n sick individuals. They also confirm

 adherence to
recom

m
ended preventive care m

easures including vaccinations and
annual health screenings.

Physical Exam
ination

- Vital signs: Blood pressure 120/80 m
m

H
g, heart rate 72 bpm

,
respiratory rate 16 breaths per m

inute, tem
perature 98.6°F.

- G
eneral appearance: Alert and in no apparent distress.

- H
EEN

T: N
o sinus tenderness, oropharynx clear w

ithout erythem
a or

exudate, tym
panic m

em
branes intact.

- C
ardiovascular: H

eart sounds norm
al, S1 and S2 heard, no m

urm
urs,

rubs, or gallops.
- R

espiratory: C
lear breath sounds bilaterally, no w

heezes, crackles, or
rhonchi.
- Abdom

en: Soft, non-tender, no hepatosplenom
egaly.

- Extrem
ities: N

o edem
a, pulses present and equal bilaterally.

- Skin: W
arm

, dry, no rashes or lesions.

G
PT-4o

C
linical note

F
igure

6.8:
E

xam
ple

of
w

hat
w

ould
happen

if
w

e
sim

ply
extended

the
general

prom
pt

to
the

3629
cases

w
here

the
patient

does
not

experience
any

respiratory
sym

ptom
s.

T
here

w
ould

be
little

variation
in

these
notes,as

these
patients

seem
to

visit
the

doctor’s
offi

ce
for

no
reason.
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t c
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 d
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C
reate 3 short clinical notes related to the follow

ing patient encounter.

The patient does not experience any of the follow
ing sym

ptom
s:

- fever
- dyspnea
- chest pain / pain attributed to airw

ays
- sneezing / blocked nose
- cough

The patient does not have any of the follow
ing health conditions, so

don't m
ention these: 

- asthm
a

- C
O

PD
- sm

oking
- hay fever

The note has the follow
ing structure: 

**H
istory**

<history>
**Physical Exam

ination**
<physical exam

ination results>

D
o not include any suspicions of possible diagnoses in the clinical note

(no "assessm
ent" field). You can im

agine additional context or details
described by the patient, but no additional sym

ptom
s. D

o not m
ention

patient gender or age. Your notes can be relatively long (around 5 lines
or m

ore in history).

Separate individual notes w
ith "---". D

o not add a title. D
o not add a final

com
m

ent after generating the note. 

Prom
pt

G
PT-4o

H
istory

The patient indicates experiencing episodic dizziness prim
arily w

hen
standing quickly or after prolonged periods of sitting. There is no history
of recent injuries or illnesses. They m

entioned an increase in w
orkload

recently possibly contributing to these episodes. There are no
disturbances in vision or balance and no previous history of sim

ilar
sym

ptom
s. H

ydration levels and fluid intake have reportedly been
consistent.

Physical Exam
ination

O
rthostatic blood pressure m

easurem
ents reveal a slight decrease w

hen
transitioning from

 supine to standing positions —
 118/82 m

m
H

g laying
dow

n to 110/75 m
m

H
g standing. C

ardiovascular and respiratory exam
s

yield norm
al results. There is no peripheral edem

a and capillary refill is
under 2 seconds. Exam

ination of the extrem
ities does not reveal any

abnorm
alities. Audiom

etric exam
ination reveals no hearing deficits.

C
linical note

F
igure

6.10:
P

rom
pt

used
for

cases
w

here
patient

does
not

experience
any

respiratory
sym

ptom
s

or
have

any
underlying

respiratory
health

condition.
W

e
show

one
of

the
three

generated
notes.
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I will show you two versions of a clinical note. The first version describes a patient’s
visit to the doctor’s office. The second one describes the same visit, but in a

more compact style (using abbreviations and shortcuts), while preserving the
overall message.

I will show you a set of phrases which were extracted from the first version of the note
. Your task is to map these to phrases in the second version of the note.

You must reply with the following JSON format.
{

phrase in version 1 : corresponding phrase extracted in version 2
}

Keep the following instructions in mind:
- Please extract phrases verbatim.
- Please use the empty string if you cannot find a phrase with the same meaning.
- The phrases you extract must have the same meaning, you cannot simply copy phrases

that are in the same spot in the text.
- You will reply only with the JSON itself, and you will not wrap in JSON markers.

We then ask the LLM to match the phrases for each pair of notes, using
the prompt shown in Fig. 6.5b. After the first response, we ask it to double-
check if the extracted phrase has the same meaning. We included this step
because it would otherwise select phrases that were in the same location in
the text as the original phrase, even if they did not mean the same. We
used the following prompt for this:
Please check if each extracted phrase has the same meaning as the original phrase. If

not, substitute it by the empty string (‘’). The rest of the JSON must remain
unchanged.

We post-process all phrases extracted from both the normal and compact
notes by matching them to the text. If a phrase does not match the text
exactly, we ask the LLM to correct itself. For this, we use the following
prompt:
I will show you a clinical note, together with one or more phrases that were extracted

from it. However, some mistakes were made in extracting these phrases. You must
correct them.

---

The following is a clinical note:
< note >

The following phrases were extracted from this note. However, they do not exactly match
the text:

- < phrase 1 >
- < phrase 2 >
- ...

Please correct the phrases so they map exactly to a phrase in the text.
You must reply with the following JSON format:
{

original phrase: corrected phrase
}

You will reply only with the JSON itself, and you will not wrap in JSON markers.

For all these prompts, we use OpenAI’s GPT-4o model. We set the
temperature to 0.2 to encourage correctness over creativity. The full span
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annotation process cost around $80. For a full walkthrough of the span ex-
traction process, we refer to the tutorial notebook on our Github repository:
https://github.com/prabaey/SimSUM/blob/main/src/span_annotatio
ns.ipynb.

6.5.4 Expert evaluation
We picked a random subset of 30 generated notes and show them to 5 general
practitioners. All evaluators got to see the same 30 notes, together with the
prompts that were used to generate them, in a random order that differed
between evaluators. All evaluators received detailed instructions on what
was expected of them in the form of a PDF2, which was orally explained
by the authors. The authors then met with each evaluator separately to
complete three example notes (different from the 30 notes that were to be
evaluated). Afterwards, the evaluators were asked to rate the notes in their
own time, without the authors’ involvement. Since it is infeasible to eval-
uate the whole dataset of 10,000 notes, we opted for a small subset of 30
notes, each going through a relatively extensive evaluation process that con-
sidered various measures of quality (evaluators took around 5− 10 minutes
to evaluate each note). We decided to show all 5 evaluators the same set of
30 notes, to get a broader range of expert opinions in the evaluation of each
note. This also allowed for the calculation of inter-annotator agreement.

We now provide further details on each dimension along which we evalu-
ated the notes and the specific meaning assigned to each rating. The aspects
of consistency, realism and clinical accuracy are only evaluated based on the
normal note, while the quality of the compact note is evaluated using the
last two dimensions (content and readability).

6.5.4.1 Evaluation dimensions

Consistency We subdivided the prompt into four different sections, and
asked the evaluators to assign penalties for each section. A penalty was
assigned if the requested information in that section was incorrectly men-
tioned in the note (e.g. a particular symptom was said to be present in the
patient, when the prompt particularly requested the symptom to be absent),
or if the requested information was absent from the note (e.g. a symptom
descriptor is not mentioned in the text). The four parts of the prompt were
as follows: (i) the symptoms to mention (can be present or absent), (ii) the
symptoms not to mention, (iii) the underlying health conditions, and (iv)
the additional instructions.

As explained in Section 6.2.2, around one third of the notes were gener-
ated using a second type of prompt, where the LLM is told that the patient

2https://github.com/prabaey/SimSUM/blob/main/eval/Instructions_clinical_e
valuation.pdf

https://github.com/prabaey/SimSUM/blob/main/src/span_annotations.ipynb
https://github.com/prabaey/SimSUM/blob/main/src/span_annotations.ipynb
https://github.com/prabaey/SimSUM/blob/main/eval/Instructions_clinical_evaluation.pdf
https://github.com/prabaey/SimSUM/blob/main/eval/Instructions_clinical_evaluation.pdf
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does not suffer from any respiratory symptoms or underlying health condi-
tions. Following the prompt in Fig. 6.10, there are three parts of the prompt
which can be violated (leading to penalties): (i) the respiratory symptoms,
which the patient does not have, (ii) the underlying conditions, which the
patient does not have, and (iii) the additional instructions. In our random
set of 30 notes, 20 notes belonged to the first type, and 10 to the second
type.

Once penalties were assigned, we summed them into a total number
of penalties, and converted these into scores from 1 to 5. Notes with no
penalties get a perfect score of 5, one penalty corresponds to 4, two penalties
to 3, three penalties to 2 and more than three penalties to 1.

Realism The LLM is allowed to invent context and details in light of the
information it receives in the prompt, but this must be realistic and rele-
vant to the symptoms experienced by the patient. While some clinical facts
might not seem technically incorrect, one might not expect to see them in
the note, or it might be unlikely that they would be written down by a real
physician. For example, if a patient has a runny nose and no other com-
plaints, most clinicians would not check for abnormalities in lung capacity.
Another example is asking whether the patient has recently traveled to an
exotic destination because they have a cough.

We ask to score realism of the “history” section using the ratings below.
The evaluators are specifically instructed to take into account the informa-
tion mentioned in the prompt.
5 – All pieces of additional context and details (i.e. outside of the symp-

toms and background provided in the prompt) are realistic and seem
like they belong in the note.

4 – There are one or two pieces of additional context or details that I would
not have mentioned as a physician, or that do not seem relevant (even
though they do seem like they belong).

3 – There are one or two pieces of additional context or details that do not
seem like they belong in the note, or do not seem relevant, given the
symptoms and background provided in the prompt.

2 – There are multiple pieces of additional context or details that do not
seem like they belong in the note, or do not seem relevant, given the
symptoms and background provided in the prompt.

1 – (Almost) all of the additional context is nonsensical given the symptoms
and background provided in the prompt.

We ask to score realism of the “physical examination” section using the
ratings below. The evaluators are specifically instructed to take into account
the information mentioned in the “history” section of the note.
5 – All elements in the physical examination are things I would check, given

the history and symptoms of the patient, and no important elements
are missing.
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4 – There are one or two elements in the physical examination that I
probably would not have checked, given the history and symptoms of
the patient, but I could see it happen. Some minor elements might be
missing, but nothing major.

3 – There are one or two elements in the physical examination that I would
not have checked, or some important elements are missing, given the
history and symptoms of the patient.

2 – There are multiple elements in the physical examination that make
no sense given the history and symptoms of the patient, or many
important elements are missing.

1 – The physical examination portion of the note seems totally unrealistic.

Clinical accuracy While the previous section talks about evaluating the
realism of the presence of all examinations described in the “physical ex-
amination” section, here we talk about evaluating the clinical accuracy of
these findings. Clinical inaccuracies may depend on the context, like physi-
cal findings which are not congruent with the history and symptoms of the
patient. For example, if the “history” portion mentions that the patient has
no fever, then this should not be contradicted in the “physical examination”
portion with a temperature of 39°C. Clinical inaccuracies may also stand
alone. For example, a blood pressure reading of 20/10 mm Hg is impossible
to encounter in any patient.

We ask the evaluators to score clinical accuracy of the findings that
are mentioned in the “physical examination” portion of the note, using the
ratings below.
5 – There are no mistakes, all reported clinical information is plausible in

light of the patient’s symptoms and history.
4 – There are one or two minor mistakes, or some details seem less plausible

in light of the patient’s symptoms and history, while the overall picture
painted by the note is still correct.

3 – There are more than two minor mistakes, or multiple details which
seem implausible in light of the patient’s symptoms and history, but
no major inaccuracies.

2 – There is a major mistake (on top of possibly some minor ones), or many
details seem implausible given the patient’s symptoms and history.

1 – There are multiple major mistakes and many details seem totally im-
plausible given the patient’s symptoms and history.

Quality of compact version While all the previous evaluations con-
cerned the original note, here we evaluate the quality of the compact version
of the note.

The content of the compact version should convey the same information
as the original text, albeit in a shorter format. This is evaluated jointly for
“history” and “physical examination” using the scoring system below.
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5 – The compact version conveys the exact same information as the original
text.

4 – The compact version conveys all key points of the original text, leaving
out some details here and there.

3 – The compact version conveys some of the key points of the original
text, but misses some as well.

2 – The compact version conveys some of the same information as the
original text, but misses many key points.

1 – The compact version does not convey the same information as the
original text, leaving out almost all key points.

While we purposefully want these notes to be harder to read and un-
derstand for both humans and machines, mimicking the complexity of some
real clinical notes, the use of abbreviations should not be excessive. We
evaluate readability jointly for “history” and “physical examination”, using
the scoring system below.
5 – The compact version seems understandable without seeing the original.
4 – The compact version seems mostly understandable without seeing the

original, though there are some abbreviations that I would not imme-
diately understand.

3 – Some parts of the compact version seem understandable without seeing
the original, but other parts are not. There are some abbreviations
that seem far-fetched or are used incorrectly (i.e. these are known to
refer to other clinical terms than the way they are used in the text).

2 – Many parts of the compact version would not be understandable with-
out seeing the original. Many abbreviations seem far-fetched or are
used incorrectly (i.e. these are known to refer to other clinical terms
than the way they are used in the text).

1 – The compact version is impossible to understand without seeing the
original.

6.5.4.2 Results

Extended results for consistency We list the total number of penal-
ties assigned by all evaluators to each of the prompt sections. For the 20
notes belonging to the first prompt type, 41 penalties were assigned in total
for section (iv) of the prompt, which are the additional instructions. Sec-
tions (i), (ii), and (iii), which describe the symptoms and underlying health
conditions of the patients, received no penalties at all. For the 10 notes
belonging to the second prompt type, 1 penalty was assigned for part (i), 2
penalties for part (ii) and another 2 penalties for part (iii).

Inter-Rater Reliability Krippendorff’s alpha is a statistical measure of
inter-rater reliability that quantifies the extent to which observed agree-
ment among raters exceeds what would be expected by chance. Usually,
an alpha of 0.667 is cited as the desired level in order to draw tentative
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conclusions [Krippendorff, 2018]. We calculate Krippendorff’s alpha with
ordinal distance measure between the 5 evaluators in our study, for each of
the measured criteria:

• Consistency: 0.44
• Realism (history): 0.25
• Realism (physical examination): 0.32
• Clinical accuracy: 0.21
• Content of compact version: -0.02
• Readability of compact version: 0.36
With an alpha of 1 indicating perfect agreement, and 0 indicating agree-

ment at the level of chance, we can say that there is some agreement between
the 5 evaluators. While we do not reach the desired level of 0.667, in our
case we must consider that due to the high scores assigned by all evalu-
ators (mostly 4 and 5), a deviation from 5 can more easily be attributed
to random chance rather than to a shared opinion of the evaluators. The
lower standard deviations in Table 6.2 show that the evaluators consistently
assign high scores to all aspects of the evaluation, even if they do not agree
on which particular notes deviate from these higher scores.

6.5.5 Symptom predictor baselines
6.5.5.1 BN-tab

We learn a BN over the training data, providing the structure over all vari-
ables as in Fig. 6.3. For the variables asthma, smoking, hay fever, COPD,
season, pneumonia, common cold, fever and self-employed, we learn the
CPTs from the training data using maximum likelihood estimation (which
comes down to counting co-occurrences of child and parent values for each
entry in the CPT). We use the pgmpy library [Ankur Ankan and Abinash
Panda, 2015] with a K2 prior as a smoothing strategy to initialize empty
CPTs.

As support for learning Noisy-OR distributions is not provided in pgmpy,
we learn these parameters with a custom training loop. We formulate the
likelihood as in Equation 6.2 in Section 6.2.1, and learn the parameters pi in
Equations 6.3 through 6.6 for the variables dyspnea, cough, pain and nasal
through maximum likelihood estimation by iterating over the train set for
10 epochs, using an Adam optimizer with a batch size of 50, a learning
rate of 0.01 and random initialization of each parameter. To integrate the
learned Noisy-OR distributions in the BN, we turn them into fully specified
CPTs. To obtain these, we simply evaluate Equation 6.2 in Section 6.2.1
for all possible combinations of child and parent values. While this results
in large and inefficient CPTs, the automated inference engine built into the
pgmpy library does not support Noisy-OR distributions directly. Note that
both versions of the conditional distribution are equivalent, so we do not
incur a loss in precision.
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Similarly, the coefficients in the logistic regression model for antibiotics
and the Poisson regression model for days at home are learned using max-
imum likelihood estimation over the training set of 8,000 examples. The
likelihood is expressed as in Equation 6.7, 6.8 and 6.9 in Section 6.2.1 re-
spectively, with learnable parameters in place of each coefficient. We iterate
over the train set for 15 epochs, again using an Adam optimizer with a batch
size of 50, a learning rate of 0.01 and random initialization of each param-
eter. Finally, we turn the logistic regression and Poisson regression models
into CPTs by evaluating Equation 6.7, 6.8 and 6.9 for all combinations of
parent and child values. For the variable days at home, we needed to turn
each discrete number of days into a category, because pgmpy only provides
automated inference for BNs consisting of exclusively categorical variables.
This results in a large CPT containing one row per possible number of days,
which range from 0 to 15 in our training dataset, and one column for each
combination of the 7 parent variables. To allow for a possible larger maxi-
mum number of days in the test set, we create a category ≥ 15 days, which
is defined as one minus the summed probability of all other days.

Once we have learned all parameters in the joint distribution, we can
evaluate the BN’s ability to predict each of the symptoms. For each evidence
setting (as defined in the main text), we apply variable elimination with each
of the symptoms as a target variable. Looking at the causal structure in
Fig. 6.3, we note that the model never has to marginalize over the many
rows in the learned days at home CPT, since it is never a target variable.
This makes automated inference feasible in our case.

6.5.5.2 XGBoost-tab

We use the xgboost library in combination with sklearn. We train separate
classifiers per symptom, one for each setting, which means we train 15
classifiers total. We tune the hyperparameters separately for each classifier,
using 5-fold cross validation with F1 as a scoring metric (macro-F1 for
fever).

The classifiers for the symptoms dysp, cough, pain and nasal use a bi-
nary logistic objective and logloss as an evaluation metric within the XG-
Boost training procedure, while the classifiers for the symptom fever use
the multi-softmax objective with multiclass logloss as an evaluation metric.
The scale_pos_weight parameter is set to the ratio of negative over positive
samples for the binary classifiers. For the fever classifier, we address class
imbalance by setting class_weight = balanced, which ensures that samples
from less frequent classes (in our case low and high fever) receive higher
weight in the loss calculation. We use grid search to find the best hyperpa-
rameter configuration, where the following sets of options are explored:

• n_estimators: {50, 100, 200}
• max_depth: {2, 3, 4, 5}
• learning_rate: {0.01, 0.1, 0.2}
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• subsample: {0.8, 1}
• colsample_bytree: {0.8, 1}
• gamma: {0, 0.1, 0.3}
• min_child_weight : {1, 5, 10}

6.5.5.3 Neural-text

The pretrained BioLORD encoder [Remy et al., 2024] was obtained through
the huggingface library. The encoder outputs 768-dimensional sentence
embeddings. Since the full text did not fit into the context window, we
embedded each sentence separately, and then combined them using our
strategies outlined in the main text. To split the text into sentences, we
used the nltk package. The settings hist, phys, mean and span all result in
a text embedding of 768 dimensions, while the setting concat results in a
text embedding of 2*768 dimensions.

These embeddings are fed into a linear layer with 256 neurons, followed
by a ReLU activation. The hidden state is then transformed into a single
output neuron, followed by a Sigmoid activation. For the classifiers that
predict fever, three output neurons followed by a Softmax activation are
used instead, one for each class. While the embeddings remain fixed, we
learn the parameters in the hidden and output layers using cross-entropy
as a loss function over the training set. We train a separate classifier for
each symptom, setting and difficulty of the text (normal vs. compact). For
the binary symptoms, we train for 15 epochs using the Adam optimizer
with a batch size of 100, a learning rate of 0.001 and weight_decay set to
1e − 5. The classifier for fever tended to collapse more easily, which is
why we train it for 30 epochs with a lower learning rate of 5e − 4 instead.
These hyperparameters were obtained using a mix of manual tuning and
grid search with 5-fold cross validation over the training set.

Results for the different embedding types are reported numerically in
Table 6.5 in Section 6.3.3, and shown visually in Fig. 6.11.

6.5.5.4 Neural-text-tab

For each evidence setting, we select the relevant set of tabular features and
transform them into a numerical representation. We use a one-hot encod-
ing for the categorical (binary or multiclass) features, and normalize the
days at home feature using the StandardScaler from sklearn. This tabular
feature representation is then concatenated with the text representation we
obtained in the previous baseline. Both are fed into the same architecture
described in Section 6.5.5.3, adapting the dimension of the input layer ac-
cordingly. For example, for the dyspnea classifier in the evidence setting all,
the input dimension becomes 768+17. We use the same hyperparameters as
in the neural-text baseline to ensure a fair comparison. All other training
details remain the same.
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Figure 6.11: Results for the neural-text baseline for the five different em-
bedding types. We show F1-scores over the test set for both the normal and
compact versions of the notes, averaging over 5 seeds. Figure best viewed
in color. For numerical results, see Table 6.5 in Section 6.3.3.
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7
Patient-level Information Extraction
by Consistent Integration of Textual
and Tabular Evidence with Bayesian

Networks

This chapter demonstrates how to perform patient-level information extrac-
tion by integrating predictions from both a Bayesian network and a neural
text classifier on the SimSUM dataset. While conventional clinical infor-
mation extraction methods focus solely on unstructured text, our approach
additionally leverages the structured tabular features already present in a
patient’s electronic health record. Tabular data are modeled with a Bayesian
network, and symptom information is extracted from text using a neural
classifier built on pre-trained embeddings. To combine these predictions in
an interpretable and probabilistic manner, we introduce the use of virtual
evidence with a consistency node within the Bayesian network. This frame-
work allows the Bayesian network to modulate the neural classifier’s outputs,
handle missing textual information, and resolve contradictions between tex-
tual and tabular evidence.

* * *

Paloma Rabaey∗, Adrick Tench∗, Stefan Heytens, Thomas De-
meester
∗Equal contribution.
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Abstract
Electronic Health Records (EHRs) form an invaluable resource for training
clinical decision support systems. To leverage the potential of such sys-
tems in high-risk applications, we need large, structured tabular datasets
on which we can build transparent feature-based models. While part of the
EHR already contains structured information (e.g. diagnosis codes, medica-
tions, and lab results), much of the information is contained within unstruc-
tured text (e.g. discharge summaries and nursing notes). In this work, we
propose a method for multi-modal patient-level information extraction that
leverages both the tabular features available in the patient’s EHR (using
an expert-informed Bayesian network) as well as clinical notes describing
the patient’s symptoms (using neural text classifiers). We propose the use
of virtual evidence augmented with a consistency node to provide an inter-
pretable, probabilistic fusion of the models’ predictions. The consistency
node improves the calibration of the final predictions compared to virtual
evidence alone, allowing the Bayesian network to better adjust the neural
classifier’s output to handle missing information and resolve contradictions
between the tabular and text data. We show the potential of our method
on the SimSUM dataset, a simulated benchmark linking tabular EHRs with
clinical notes through expert knowledge.

7.1 Introduction
In healthcare, storing patient information in a structured format is essen-
tial for ensuring continuity of care. This information, such as diagnosis
codes, medication, and lab results, is usually stored in EHRs. Often, these
also contain a large quantity of unstructured free text, such as discharge
summaries, nursing notes, procedural descriptions, and more [Ford et al.,
2016]. All this information forms an invaluable resource for training clinical
decision support systems, which have the potential to partially automate
care processes such as diagnosis and treatment planning [Peiffer-Smadja
et al., 2020a, Rasmy et al., 2021, Li et al., 2020]. While the recent rise in
LLMs has shown great potential for processing clinical notes [Lehman and
Johnson, 2023, Singhal et al., 2023, Labrak et al., 2024], these black-box
systems lack interpretability [Quinn et al., 2022, Zhao et al., 2024, Tian
et al., 2024]. In high-risk clinical applications, one should prefer robust and
transparent systems built on simpler, feature-based models, like regression
models, decision trees or Bayesian networks [Rudin, 2019, Sanchez et al.,
2022, Lundberg et al., 2020]. However, these models require large struc-
tured tabular datasets as a training resource to ensure their generalization



131
H

is
to

ry
 T

he
 p

at
ie

nt
 p

re
se

nt
ed

 w
ith

 a
 s

ev
er

e 
co

ug
h 

th
at

 is
pr

od
uc

tiv
e 

an
d 

w
or

se
ns

 a
t n

ig
ht

. A
dd

iti
on

al
ly,

 th
e 

pa
tie

nt
ha

s 
ex

pe
rie

nc
ed

 a
 h

ig
h 

fe
ve

r w
ith

 m
us

cl
e 

ac
he

s 
th

at
 h

in
de

r
da

ily
 a

ct
iv

iti
es

. T
he

 p
at

ie
nt

 s
uf

fe
rs

 fr
om

 s
ho

rtn
es

s 
of

 b
re

at
h

oc
cu

rri
ng

 s
po

ra
di

ca
lly

, d
et

er
io

ra
tin

g 
w

he
n 

en
ga

gi
ng

 in
m

in
or

 p
hy

si
ca

l e
xe

rti
on

. 

C
lin

ic
al

 n
ot

e

Ph
ys

ic
al

 E
xa

m
in

at
io

n 
U

po
n 

ex
am

in
at

io
n,

 th
e 

pa
tie

nt
ex

hi
bi

te
d 

no
tic

ea
bl

e 
di

st
re

ss
 w

he
n 

co
ug

hi
ng

. V
ita

l s
ig

ns
re

ve
al

ed
 a

 te
m

pe
ra

tu
re

 o
f 3

9°
C

, a
n 

el
ev

at
ed

 h
ea

rt 
ra

te
, 

an
d 

m
ild

 ta
ch

yp
ne

a.
 T

he
re

 w
er

e 
no

 s
ig

ns
 o

f s
ev

er
e 

ac
ut

e
re

sp
ira

to
ry

 d
is

tre
ss

 o
bs

er
ve

d.
 

Pr
et

ra
in

ed
 c

lin
ic

al
 e

m
be

dd
in

g

Ex
tr

ac
t t

ex
t i

nf
or

m
at

io
n 

vi
a 

ne
ur

al
 c

la
ss

ifi
er

? ? ? ?

0.
89

BN
 p

re
di

ct
io

n:
 

Ba
ye

si
an

 in
fe

re
nc

e 
w

ith
ta

bu
la

r e
vi

de
nc

e 
an

d
vi

rtu
al

 e
vi

de
nc

e

N
eu

ra
l c

la
ss

ifi
er

 p
re

di
ct

io
ns

w
ith

 te
xt

 e
vi

de
nc

e

C
on

si
st

en
t s

ym
pt

om
 p

re
di

ct
io

n,
 ta

ki
ng

 b
ot

h
ta

bu
la

r a
nd

 te
xt

 e
vi

de
nc

e 
in

to
 a

cc
ou

nt

 
 

Pa
tie

nt
 E

H
R

 (
)

ye
s

no no no

w
in

te
r

ye
s

no ye
s 5 ? ? ? ? ?

y/
n

di
sc

re
te

y/
n

y/
n

y/
n

hi
gh

/lo
w

/
no

ne
y/

n

y/
n

y/
n

y/
n

y/
n

y/
n

Ex
tr

ac
t t

ab
ul

ar
 in

fo
rm

at
io

n 
vi

a 
B

ay
es

ia
n 

ne
tw

or
k

y/
n

R
el

at
io

ns
 d

ef
in

ed
 b

y 
ex

pe
rt

D
is

tri
bu

tio
ns

 le
ar

ne
d 

fro
m

 ta
bu

la
r d

at
a

Ba
ye

si
an

 n
et

w
or

k

w
in

te
r/s

um
m

er

N
eu

ra
l t

ex
t c

la
ss

ifi
er

,
w

ei
gh

ts
 le

ar
ne

d 
fro

m
te

xt
 d

at
a

Sy
m

pt
om

Tr
ea

tm
en

t /
O

ut
co

m
e

U
nd

er
ly

in
g

co
nd

iti
on

D
ia

gn
os

is

Vi
rtu

al
ev

id
en

ce

    
y/

n
y/

n
y/

n
y/

n
hi

gh
/lo

w
/

no
ne

C
PT

C
PT

C
PT

C
PT

C
PT

F
ig

ur
e

7.
1:

O
ve

rv
ie

w
of

ou
r

pa
ti

en
t-

le
ve

l
in

fo
rm

at
io

n
ex

tr
ac

ti
on

m
et

ho
d

w
hi

ch
in

te
gr

at
es

bo
th

ta
bu

la
r

an
d

te
xt

ev
id

en
ce

.
A

s
an

ex
am

pl
e,

w
e

sh
ow

ho
w

to
ex

tr
ac

t
th

e
pr

ob
ab

ili
ty

th
at

a
pa

ti
en

t
su

ffe
rs

fr
om

Dy
sp

ne
a,

gi
ve

n
ta

bu
la

r
ev

id
en

ce
th

at
is

al
re

ad
y

en
co

de
d

in
th

e
E

H
R

,a
cl

in
ic

al
no

te
de

sc
ri

bi
ng

th
e

pa
ti

en
t’

s
sy

m
pt

om
s,

an
d

an
ex

pe
rt

-d
efi

ne
d

B
N

st
ru

ct
ur

e.
O

n
th

e
ri

gh
t,

th
e
n
eu

ra
l
cl

as
si

fi
er

s
in

fe
r

pr
ob

ab
ili

ti
es

th
at

th
e
te

xt
m

en
ti

on
s

ea
ch

sy
m

pt
om

,w
it

h
a

63
%

co
nfi

de
nc

e
fo

r
Dy

sp
ne

a
(i

n
th

is
ca

se
,“

dy
sp

ne
a”

is
no

t
m

en
ti

on
ed

ve
rb

at
im

).
T

he
cl

as
si

fie
rs

’
pr

ob
ab

ili
ti

es
fo

r
ea

ch
sy

m
pt

om
ar

e
pr

ov
id

ed
as

vi
rt

u
al

ev
id

en
ce

to
th

e
B

N
,
vi

a
th

e
re

d
“v

ir
tu

al
"

no
de

s
in

th
e

ne
tw

or
k.

G
iv

en
al

l
ta

b
u
la

r
an

d
vi

rt
u
al

ev
id

en
ce

,
th

e
B

N
in

fe
rs

th
at

th
e

pa
ti

en
t

ha
s

a
78

%
ch

an
ce

of
Dy

sp
ne

a
–

si
nc

e
th

e
pa

ti
en

t
ha

s
bo

th
Pn

eu
mo

ni
a

an
d
As

th
ma

,t
hi

s
pr

ob
ab

ili
ty

is
hi

gh
.

T
he

co
ns

is
te

nc
y

no
de

V
C

Dy
sp

ne
a

co
m

bi
ne

s
th

es
e

pr
ob

ab
ili

ti
es

,a
rr

iv
in

g
at

an
89

%
ch

an
ce

th
at

th
is

pa
ti

en
t

ha
s
Dy

sp
ne

a.
P
ar

t
of

th
is

fig
ur

e
is

ad
ap

te
d

fr
om

R
ab

ae
y

et
al

.[
20

24
a]

.



132

to broader patient populations. As such, developing methods to extend the
tabular portion of the EHR with as much information as possible could
benefit a wide range of downstream applications.

In this work, we propose a method for patient-level information ex-
traction that leverages both the structured tabular features available in a
patient’s EHR and the unstructured clinical notes documenting physician
encounters. We model the tabular portion of the EHR using a Bayesian
Network (BN) with an expert-defined structure and learned probabilities,
enabling interpretable integration of background information. This network
is then connected to the predictions of a text classifier that interprets the
clinical notes. By linking these two modalities, the BN can adjust the text
classifier’s predictions when they conflict with evidence from the tabular
data, and infer missing information when the text is incomplete, all in a
manner that remains transparent to the end user.

As a proof-of-concept for our method, we focus on a specific use-case
built on the SimSUM dataset [Rabaey et al., 2024a]. SimSUM is a simu-
lated benchmark of 10,000 artificial patient records, linking tabular variables
(like symptoms, diagnoses and underlying conditions) to associated clinical
notes describing the patient encounter in the domain of respiratory diseases.
To our knowledge, SimSUM is the only available clinical dataset that pro-
vides both tabular and textual data connected through a shared and fully
known data-generating process. This inherent alignment between modal-
ities, together with the known BN structure underlying the data, enables
fundamental research on integrating tabular and text-based models.

Figure 7.1 shows the overview of our setup and proposed method. On
one side, we have a tabular EHR containing encoded background, diagnoses,
and treatment. In addition, we have a clinical text describing the symp-
toms experienced by this patient. Since such symptom information can be
valuable for downstream applications (e.g., automated diagnostic systems),
our goal is to incorporate it into the EHR in a structured format. In a
standard information extraction pipeline, a neural text classifier – however
advanced – is typically used to predict whether a symptom is mentioned
in the text. Our approach additionally exploits the tabular information
already present in the EHR by connecting it to the target concepts for ex-
traction (i.e., symptoms) through a BN. The relations in the BN (i.e. which
underlying conditions may give rise to which symptoms) are provided by an
expert, while the exact probabilities are learned from the tabular portion of
the EHR.

Our main contribution lies in enabling patient-level information
extraction, by combining the predictions made by a BN and a
text classifier in a probabilistic manner, augmenting the established
approach of virtual evidence with an additional consistency node. This com-
bination enables our method to correct for inconsistencies and missing in-
formation in the text by leveraging tabular data and background knowledge
through the BN. The consistency node improves the calibration of the final



133

predictions compared to using virtual evidence alone, especially in abnor-
mal cases where information is missing from the text, while retaining high
predictive power in common cases. Moreover, by obtaining a probabilis-
tic rather than deterministic encoding of the symptoms within the tabular
record, our approach yields extracted information that is more robust for
downstream use. Consequently, users of the final tabular dataset can either
apply a threshold to obtain hard labels for these concepts or directly uti-
lize the probabilistic outputs, depending on their specific application and
system requirements.

The remainder of our work is structured as follows. In Section 7.2 we
discuss related work, including an in-depth comparison of our work with
previous approaches for integrating BNs with neural text classifiers. Then,
Section 7.3 explains the building blocks of our multimodal approach and
how these are connected together using the consistency node. In Section
7.4, we report the performance of our method on the SimSUM dataset for
various sample sizes, and take a closer look at how our multimodal approach
improves over uni-modal baselines. Finally, Sections 7.5 and 7.6 summarize
the potential of our method, while also addressing its limitations. The code
for this project can be found at https://github.com/AdrickTench/pat
ient-level-IE.

7.2 Related work
In Section 7.2.1, we first introduce related work on representation learning
for EHRs, in particular focusing on multimodal approaches that integrate
tabular data and text, as well as those that incorporate background knowl-
edge. Section 7.2.2 then zooms in on two closely related methods that
integrate text in BNs, contrasting them with our approach. Finally, Section
7.2.3 explains the concept of virtual evidence.

7.2.1 Multimodal EHR representation learning
Modeling tabular data and text Many studies focus on combining two
modalities commonly found in EHRs – structured tabular data (e.g. disease
codes, patient demographics, treatment codes, lab results) and unstructured
text (e.g. discharge summaries or nursing notes) – for representation learn-
ing. Most methods use state-of-the-art encoders to learn a representation
for each modality, combining both through simple concatenation [Zhang
et al., 2020], ensemble methods [Xu et al., 2019] or an attention mechanism
[Liu et al., 2022a, Nguyen et al., 2024, Wang et al., 2023b]. While our work
also focuses on combining these two modalities, our goal is not to learn
a black-box patient-level representation for downstream prediction tasks.
Instead, we aim to enrich the structured portion of the EHR with infor-
mation extracted from the text, thereby facilitating its use in interpretable

https://github.com/AdrickTench/patient-level-IE
https://github.com/AdrickTench/patient-level-IE
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downstream prediction models such as regression models, decision trees, or
BNs [Rudin, 2019]. Furthermore, by providing a probabilistic view on the
extracted structured variables, our approach enables intermediate manual
inspection of the dataset before it is used in downstream models, which is
not possible with black-box patient representations.

Integrating background knowledge Particularly interesting to our work
are representation learning methods that include some form of background
knowledge to improve the learned multimodal representations. Nguyen et al.
[2024] enhance their multimodal encoding for the structured and text por-
tions of the EHR with a clinical reasoning embedding, which is obtained
by retrieving relevant clinical documents and asking an LLM to reason over
them. Xu et al. [2024c] use a similar information retrieval module to en-
hance disease code embeddings.

Instead of incorporating relevant information from clinical corpora, we
focus on incorporating graph-based background knowledge. In this line of
work, both Choi et al. [2018] and Park et al. [2022] model the structured
portion of the EHR with a graph attention network, where each admission
is represented as a hierarchical graph containing procedure, diagnoses and
prescription nodes. As an extension, Choi et al. [2020] learn to automat-
ically construct the causal structure of a patient admission (in particular,
modeling which diagnoses lead to the prescription of which treatment), by
training a graph convolutional transformer jointly with supervised medical
prediction tasks. This approach is conceptually similar to the BN compo-
nent of our method. However, in our case, we (i) learn a BN rather than a
graph convolutional transformer, and (ii) rely on domain experts to specify
the medical relationships symbolically, learning only the underlying proba-
bility distributions from the data rather than the relations among variables.

Other works incorporate graph-based background knowledge into EHR
representation learning by leveraging medical ontologies such as ICD-10,
SNOMED-CT, or UMLS, which encode hierarchical clinical concepts and
relationships among medical entities [Choi et al., 2017]. Most approaches
employ graph neural networks to model the relationships between medical
codes, integrating these representations into the structured EHR embedding
at various stages of the representation learning pipeline [Liu et al., 2022a,
Ma et al., 2018, Ye et al., 2021]. In contrast, we do not rely on knowledge
graphs to model relationships between medical variables. Instead, we repre-
sent background knowledge through a BN, which not only captures clinical
dependencies among variables (as knowledge graphs do) but also enables
probabilistic reasoning and prediction.

7.2.2 Integrating Bayesian networks and text
Bayesian networks A BN has the ability to model complex problems
involving uncertainty, while combining data with expert knowledge in an



135

Figure 7.2: Comparison of our work with Rabaey et al. [2024b]. In this
running example, we aim to predict the probability P(Dysp | Pneu, note)
that a patient suffers from the symptom dyspnea (Dysp), given both tab-
ular information (whether the patient has pneumonia, or Pneu, and was
prescribed antibiotics, or Antibio) and a clinical note (note). In the gener-
ative and discriminative BN-text models proposed by Rabaey et al. [2024b]
(A and B), a note node is directly integrated in the BN, allowing one to
perform Bayesian inference with mixed textual and tabular evidence. In our
method, we split off the BN – where Bayesian inference is performed only
over tabular evidence – and the neural text classifier, integrating their pre-
dictions through the consistency node CDysp (C) and virtual evidence (D).
Our method improves on the poor performance of A and poor scalability,
interpretability, and causal structure of B.

interpretable graphical structure [Kyrimi et al., 2021f]. It is made up of two
parts: a Directed Acyclic Graph (DAG) modeling the relations between the
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variables, and a joint probability distribution factorizing into a set of condi-
tional distributions, one for each variable. BNs have proven useful to model
a wide range of medical conditions in clinical research settings [McLachlan
et al., 2020a, Arora et al., 2019a], including respiratory diseases such as
pneumonia and Covid-19 [Edye et al., 2021]. While one could automati-
cally learn the structure of the BN from data [Choi et al., 2020, Mani and
Cooper, 2000], a particular asset of the BN is the possibility to integrate
expert knowledge in the prediction process. In our case, we indeed assume
that the relations between the clinical variables have been provided by an
expert, while we learn the conditional probabilities from the data. Despite
their potential, the clinical adoption of BNs remains limited, largely because
they struggle to handle realistic medical data, where unstructured text is
abundant [Kyrimi et al., 2021b]. Consequently, there is significant potential
in developing methods to effectively integrate textual information into BNs.
Despite this, there has been limited prior work on integrating text data into
BNs. We now zoom in on two highly relevant contributions.

DeepProbLog [Manhaeve et al., 2018b] One contribution comes from
the field of Neuro-Symbolic AI, in the form of the DeepProbLog framework
[Manhaeve et al., 2018b]. Here, a probabilistic logic program is extended
with neural predicates, whereby a neural network is used to learn a rep-
resentation of an unstructured concept (in our case, clinical text), which
is further treated as a regular predicate in the program. Since BNs are a
symbolic method, they can be naturally formulated as probabilistic logic
programs. However, one limitation of DeepProbLog is that neural predi-
cates can only serve as root nodes within the BN, from which probabilities
propagate downward to fully symbolic, categorical variables. In other words,
these neural predicates cannot have any symbolic parent variables. In our
case, the tabular nodes we aim to predict – namely, the symptoms – oc-
cupy arbitrary positions within the BN and typically have multiple parent
variables.

BN-text model [Rabaey et al., 2024b] To tackle this limitation, Rabaey
et al. [2024b] propose two approaches – a generative and a discriminative
BN-text model – which integrate text directly into a clinical BN, allowing
the text to be part of the evidence in the Bayesian inference procedure.
Figure 7.2 compares both approaches to our method, making use of a sim-
ple example. In this small BN, the disease pneumonia (Pneu) gives rise to
the symptom dyspnea (Dysp), with a clinician deciding whether or not to
prescribe antibiotics (Antibio) based on the presence of this symptom in
the patient. A clinical note may describe information about the symptom
dyspnea. The first approach proposed by Rabaey et al. [2024b], called the
generative BN-text model (Figure 7.2A), directly includes a text node in the
BN and models its conditional distribution P(note | Dysp) by learning the
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parameters of a multivariate Gaussian over pre-trained text embeddings.
This parametric assumption proved too stringent to work in practice, lead-
ing to inferior performance of this method. Furthermore, the need to learn
a separate Gaussian for each possible configuration of parent variables does
not scale well to larger networks. For example, in the SimSUM dataset, the
text node would be influenced by four underlying conditions, two diagnoses,
and five symptoms, resulting in eleven parent nodes, with over 3000 (210×3)
unique configurations.

Beyond this, Rabaey et al. [2024b] propose a second approach, called the
discriminative BN-text model (Figure 7.2B). This method deviates from
the causal structure of the problem – the symptom dyspnea influencing
the content of the text – and instead uses a neural classifier to model
P(Dysp | Pneu, note). In other words, it extends the DeepProbLog frame-
work [Manhaeve et al., 2018b] by learning multiple neural predicates, con-
ditional on the possible values of the parent variable Pneu. However, this
approach comes with two disadvantages. First, the effect of the diagnosis
Pneu is implicitly encoded in the text classifiers, rather than explicitly in-
jected through the conditional distributions in the BN. Second, learning a
text classifier for every combination of parent values per symptom does not
scale well when symptoms have many parents, as is the case in realistically
sized datasets like SimSUM. Here, up to 90 text classifiers would need to
be trained in total (8 for pneumonia, 2 for common cold, 32 for dyspnea,
32 for cough, 8 for pain, 4 for fever, and 4 for nasal).

As illustrated in Figure 7.2, our solution addresses these limitations by
assuming a less stringent connection between the BN modeling the struc-
tured tabular variables on the one hand, and the neural text classifier mod-
eling the clinical notes on the other. With virtual evidence (Figure 7.2D,
Sections 7.2.3 and 7.3.4), a child node is introduced to the BN with a Con-
ditional Probability Table (CPT) determined by the neural classifier. With
the consistency node (Figure 7.2C, Section 7.3.5), the individual predictions
of the BN and neural classifier are integrated by a separate module trained
to assign appropriate weights to their contributions. Our final method in-
corporates both virtual evidence and a consistency node to combine the pre-
dictions of the BN with the neural classifiers (see Figure 7.1 for an overview
of the combined model).

7.2.3 Virtual evidence
Virtual evidence is an established method to incorporate the predictions of
neural networks with a BN [Feng and Williams, 1998, Morgan and Bourlard,
1995], and can be understood as evidence with uncertainty [Mrad et al.,
2012]. Pearl [1988a] first introduced virtual evidence as a convenient way to
incorporate uncertain evidence into a BN. Pearl’s method treats virtual ev-
idence as likelihood information. As opposed to the standard hard presence
or absence of a piece of evidence in a regular BN, a piece of virtual evidence
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is represented by a real number in [0, 1] that indicates the confidence in
observing a particular value for a variable V .1

To incorporate virtual evidence into a BN, a child node is added to
the variable for which virtual evidence is provided. The child node itself
is “observed” – i.e., provided as standard, hard evidence – while its CPT
is determined by the uncertain evidence. For example, suppose a binary
variable A is observed with a probability of 0.8. To include this uncertain
observation as virtual evidence, a child node Ã is added to the BN with a
CPT encoding P (Ã|A):2

A ¬A
Ã 0.8 0.2

This method of incorporating uncertain evidence retains the prior prob-
ability distribution of the BN. It is possible to provide virtual evidence for
multiple variables, or even multiple pieces of virtual evidence for the same
variable [Pan et al., 2006]. Furthermore, it is still sensible to query the BN
for the variable(s) for which virtual evidence is provided.

To make this concrete, consider a slight extension of our example above.
Now A has a single parent B, with the following CPT:3

B ¬B
A 0.3 0.7

We can then use standard variable elimination [Koller and Friedman,
2009] to calculate P (A|B, Ã) ≈ 0.6316 (Equation 7.1), where both B and
virtual evidence Ã are provided as evidence to the BN. Note that the final
probability is lower than the uncertain evidence of 0.8 provided through Ã,
because it factors in the prior probability P (A|B).

P (A | B, Ã) =
P (Ã | A)P (A | B)∑
a′ P (Ã | a′)P (a′ | B)

=
0.8 · 0.3

(0.8 · 0.3) + (0.2 · 0.7)
≈ 0.6316

(7.1)

As shown in Figure 7.1, our method uses virtual evidence but extends it
with a consistency node (Section 7.3.5), further improving the calibration
of the full model.

1Note that virtual evidence is sometimes referred to as soft evidence. We avoid using
the term soft evidence here, as it also refers to a different type of uncertain evidence
[Mrad et al., 2012].

2Here we use the convention of shading in the observed nodes in the BN.
3See footnote 2.
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7.3 Methods
Following the introduction of the dataset and our experimental setup in Sec-
tion 7.3.1, we present the fundamental components of our model: a Bayesian
network (Section 7.3.2) and a neural network (Section 7.3.3). The core con-
tribution of this work is the investigation of two strategies for integrating
these models’ predictions: virtual evidence (Section 7.3.4) and a consistency
node (Section 7.3.5).

7.3.1 Preliminaries
Dataset The SimSUM dataset links artificial tabular patient records with
artificial clinical notes describing a patient’s visit to the general practi-
tioner’s office. By design, the clinical concepts expressed in the text (the
symptoms experienced by the patient) and the tabular background infor-
mation are connected through a BN representing domain knowledge. As
shown in Figure 7.1, the BN relates two respiratory diseases (Pneumonia
and Common cold) with their associated symptoms (Dyspnea, Cough, Pain,
Nasal symptoms and Fever), as well as including underlying respiratory
conditions (Asthma, Smoking, COPD and Hay fever), some background (Sea-
son of the year), and a treatment and outcome variable (whether Antibio-
tics were prescribed and the #Days the patient ended up staying at home
as a result of their symptoms).4 All variables are binary, except for Fever,
which has three levels (none, low and high) and #Days, which is discrete
and bounded (0, . . . , 15).

The SimSUM notes are generated in such a way that they describe the
five symptoms and occasionally mention underlying respiratory conditions,
but they do not explicitly mention the diagnoses. In this way, both modal-
ities (tabular features and clinical notes) contain complementary informa-
tion. Every patient has one unique note, with two versions: “normal” and
“compact”. We will report results on the normal notes.

Setup As shown in Equation 7.2, we have a set X of n patient records
where each patient X(i) is described by their tabular record tab(i), their
clinical note note(i) and their set of symptoms s(i).

4In the original SimSUM dataset, two other variables are included (policy and
self-employed). We leave these out of our setup as they are non-clinical variables that
would not be encoded in the patient record in a realistic setting.
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X ={X(0), ..., X(n−1) | X(i) = {tab(i), note(i), s(i)}}

tab(i) ={Asthma = t
(i)
0 , Smoking = t

(i)
1 , COPD = t

(i)
2 , Hay fever = t

(i)
3 , Season = t

(i)
4 ,

Pneumonia = t
(i)
5 , Common cold = t

(i)
6 , Antibiotics = t

(i)
7 , #Days = t

(i)
8 }

s(i) ={Dyspnea = s
(i)
0 , Cough = s

(i)
1 , Pain = s

(i)
2 , Nasal = s

(i)
3 , Fever = s

(i)
4 }

={sj = s
(i)
j | j = 0, . . . , 4} (7.2)

Here, s(i)j ∈ Vsj , where Vsj = {yes, no} for j = 0 . . . 3 (symptoms Dyspnea,
Cough, Pain and Nasal), and Vsj = {high, low, none} for j = 4 (symptom
Fever).

While the tabular values t
(i)
0 , . . . , t

(i)
8 and the text note(i) are available

in the patient record at all times, the symptom values s
(i)
0 , . . . , s

(i)
4 are only

available during training. Out of the full set of patient records X , we select
a training set Xtrain, and a test set Xtest. At test time, we aim to predict the
probability for each of the symptoms given the tabular data and text note,
i.e., the distributions P(sj | tab(i), note(i)) for X(i) ∈ Xtest and j = 0 . . . 4.

Note that the distinction between the symptoms s(i) and tabular data
tab(i) serves merely to denote s(i) as the targets for information extraction.
While targeting s(i) is a natural choice given the data-generating process
behind the SimSUM dataset, our method does not depend on any specific
choice of target variables for extraction.

7.3.2 Bayesian network
We model the tabular portion of the data with a BN, where the relations
between the variables (the DAG, as shown in Figure 7.1) are provided up-
front by an expert. This DAG naturally prescribes how the joint probability
distribution factorizes into conditional probability distributions (CPD), one
for each variable conditional on its parents. As in Rabaey et al. [2024a],
each CPD is learned independently by fitting it to the tabular portion of
the training data Xtrain. We refer to Appendix 7.6.1.1 for more details on
this training procedure.

When the full joint distribution defined by the BN has been learned,
we can perform Bayesian inference to obtain P(sj | tab(i)) for each pa-
tient i ∈ Xtest and each symptom j, by filling in the tabular evidence
available for this patient and performing variable elimination [Koller and
Friedman, 2009]. For example, for the patient in Figure 7.1, we would cal-
culate P(Dyspnea = yes | Asthma = yes, . . . , #Days = 5) by summing out
the other symptoms Cough, Pain, Nasal, and Fever (which are unavailable
at test time) from the joint distribution and normalizing. From now on, we
will denote the BN’s prediction for the symptom sj as P(Bsj | tab(i)).
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7.3.3 Neural network
To model the text portion of the data, we use a lightweight neural text clas-
sifier. For simplicity, we use the same encoder and architecture as SimSUM
([Rabaey et al., 2024a]), described below.5 We train separate classifiers for
each symptom. At the input, the clinical note is first split into sentences.
Each sentence is transformed into an embedding using the pretrained clini-
cal representation model BioLORD-2023 [Remy et al., 2024], after which all
sentence embeddings are averaged to obtain a single representation for the
full note. This note embedding is then fed into a multi-layer perceptron with
one hidden layer, of which the weights are trained using the cross-entropy
objective over the symptom labels in Xtrain. We finally obtain class proba-
bilities by applying a Sigmoid activation (or Softmax for Fever, which has
three classes) to the output layer. At test-time, each trained classifier can
provide predictions P(sj | note(i)) for symptom j, for each patient i ∈ Xtest.
From now on, we will denote the text classifier’s prediction for the symptom
sj as P(Tsj | note(i)).

7.3.4 Virtual evidence
To combine the probabilities of the BN and neural classifiers, we can provide
the latter’s predictions to the BN as virtual evidence. That is, for a patient
i ∈ X , the predictions of the neural classifiers for each symptom P(Tsj |
note(i)) are provided to the BN as virtual evidence, as outlined in Section
7.2.3. We refer to the virtual evidence for a symptom s with s̃. For example,
D̃yspnea refers to the virtual evidence for the presence of Dyspnea. The
combined tabular and text prediction for each symptom can be noted as
follows, where both the tabular evidence tab(i) and the virtual evidence for
all symptoms are provided:

P(sj | tab(i), D̃yspnea = 1, C̃ough = 1, P̃ain = 1, Ñasal = 1, F̃ever = 1)

This probability can be obtained through variable elimination, again by
summing out the other (non-virtual) symptom nodes, apart from target
symptom sj . From now on, we will denote the prediction of the BN with
virtual evidence for the symptom sj as P(Vsj | tab(i), note(i)).

7.3.5 Consistency node
7.3.5.1 Formulation

After training both the BN and the neural text classifier over Xtrain, we can
obtain P(Bsj | tab(i)) (prediction based on tabular evidence) and P(Tsj |
note(i)) (prediction based on text evidence), for any patient i ∈ Xtest and
any symptom j. From now on, we will leave out the patient index i to

5Note that we only intend to provide an example of a lightweight text classifier for
comparison and do not require the best possible model.
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avoid cluttering the notation. We now combine both probabilities through
a consistency node Csj , as illustrated in the overview in Figure 7.1. The
nodes Bsj , Tsj and Csj form a probabilistic graphical model, with joint
distribution as shown in Equation 7.3.

P(Csj , Bsj , Tsj | tab, note) = P(Bsj | tab) P(Tsj | note) P(Csj | Bsj , Tsj ) (7.3)

To obtain P(Csj | tab, note), we simply need to marginalize out the BN
and text classifier predictions from the joint distribution, as in Equation
7.4. We do this by summing over all possible values of the symptom sj :

P(Csj | tab, note) =
∑
b′

∑
t′

[
P(Bsj = b′ | tab)P(Tsj = t′ | note)P(Csj | b

′, t′)
]
,

with b′, t′ ∈ Vsj (7.4)

The conditional distribution P(Csj | Bsj , Tsj ) can be computed over the
training set Xtrain.6 We first use the BN and neural classifier to obtain
the probabilities P(Bsj = b′ | tab(k)) and P(Tsj = t′ | note(k)) for each
patient k ∈ Xtrain, each symptom j and each label b′, t′ ∈ Vsj . As shown
in Equations 7.5 and 7.6, we then calculate the agreement of the predicted
probabilities with respect to the ground truth label c′ as observed in Xtrain:

P(Csj = c′ | b′, t′) =
W{c′, b′, t′}∑
c′′ W{c′′, b′, t′}

, with c′, c′′ ∈ Vsj (7.5)

where the weights are obtained as:

W{c′, b′, t′} =
∑

k∈Xtrain

P(Bsj = b′ | tab(k)) · P(Tsj = t′ | note(k)) · 1
[
s
(k)
j = c′

]
(7.6)

Intuitively, this process calculates the agreement between the BN and
the text classifier on the training set Xtrain. When they disagree (meaning
b′ ̸= t′), one of the two models will be right more often. For example, if the
text classifier agrees with the ground truth label in the training set more
often, this means P(c′ = t′ | b′, t′) > P(c′ = b′ | b′, t′). The terms containing
the factor P(Tsj = t′ | note) will then receive a higher weight in Equation
7.4, pushing the prediction towards the label t′.

7.3.5.2 Numerical example

To make this more concrete, we provide a simple numerical example. We
provide ground truth labels and probabilities from a text classifier and BN
for four fictional patients in Table 7.1.

6To prevent overfitting on the training set, which would taint the conditional distribu-
tion, we train the neural networks using 5-fold cross-validation as described in Appendix
7.6.1.2.
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Table 7.1: Initial symptom probabilities predicted for four samples by the
text classifier (P(T | note)) and the BN (P(BN | tab)). GT label indicates
the ground truth label for the symptom in the training set.

GT label P(T | note) P(BN | tab)
1 yes 0.1 0.7
2 no 0.1 0.2
3 no 0.1 0.6
4 yes 0.9 0.6

Table 7.2: Consistency node probabilities P(C | T,BN) obtained from the
predictions in Table 7.1.

T BN P(C = no | T,BN) P(C = yes | T,BN)
no no 0.78 0.22
no yes 0.51 0.49
yes no 0.24 0.76
yes yes 0.12 0.88

Table 7.2 shows the agreement between the text classifier and BN across
these 4 patients. This agreement is calculated through Equation 7.5. For
example, the first row of Table 7.2 is calculated using the probabilities
provided by the text classifier and BN that the symptom is no in both
cases of the ground truth label. Concretely, the probabilities from the cases
where the ground truth is no are (1− 0.1)× (1− 0.2)+ (1− 0.1)× (1− 0.6)
(corresponding to patient 2 and 3, yielding a weight of W{S = no, BN =
no, T = no} = 1.08). The probabilities where the ground truth is yes
are (1 − 0.1) × (1 − 0.7) + (1 − 0.9) × (1 − 0.6) (corresponding to patient
1 and 4, yielding a weight of W{S = yes, BN = no, T = no} = 0.31).
These weights are then normalized by dividing by the sum for the row
(W{S = no, BN = no, T = no}+W{S = yes, BN = no, T = no} = 1.39),
yielding the probabilities in the first row of Table 7.2.

Given the consistency node probabilities in Table 7.2, the final probabil-
ity for the presence of a symptom, P(C = yes | tab, note), can be calculated
using the probabilities in the yes column, following Equation 7.4. For ex-
ample, given probabilities of 0.1 from the text classifier and 0.8 from the
BN, the final probability is calculated as follows:

P(C = yes | tab, note) = ((1− 0.1)× (1− 0.8)× 0.22) + ((1− 0.1)× 0.8× 0.49)

+ (0.1× (1− 0.8)× 0.76) + (0.1× 0.8× 0.88) ≈ 0.48

7.3.5.3 Incorporating virtual evidence

From Section 7.3.4 we can obtain P(Vsj | tab, note), denoting the prediction
of the BN with virtual evidence for the symptom sj . In the formulation
above, P(Vsj | tab, note) can be used in place of P(Bsj | tab), in particular
in Equation 7.3. This leads to our final model shown in Figure 7.1, where
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we calculate the consistency between the virtual evidence-enhanced BN and
the text classifier prediction, also called V-C-BN-text in the next section.

7.4 Empirical Results
We split the SimSUM dataset into a training set Xtrain of 8000 samples
and a test set Xtest of 2000 samples. To investigate the performance of our
method in various training regimes, we subsample different training sets
Xn

train from Xtrain, logarithmically sized between n = 100 and 8000, i.e.
n ∈ {100, 187, 350, 654, 1223, 2287, 4278, 8000}, using 20 different seeds per
n. We also use these seeds for initialization of the model parameters and
weights. For more details on hyperparameter tuning, we refer to Appendix
7.6.1. The BN and neural text classifier are trained on the tabular and
text portion of Xn

train, respectively, across these 20 seeds. We compare the
following model architectures:

• BN-only: The BN predicts P(Bsj | tab(i)) for every patient i, taking
tabular evidence tab(i) as input (Section 7.3.2).

• text-only: The neural text classifier predicts P(Tsj | note(i)) for
every patient i, taking text evidence note(i) as input (Section 7.3.3).

• V-BN-text: The BN-only and text-only predictions are combined
by using the text-only predictions as virtual evidence, obtaining the
combined prediction P(Vsj | tab(i), note(i)) (Section 7.3.4).

• C-BN-text: We learn the distribution of the consistency node on
Xn

train for the BN-only and text-only predictions, obtaining a final
consistent prediction that symptom sj is present in patient i: P(Csj |
tab(i), note(i)) (Section 7.3.5).

• V-C-BN-text: This approach uses both virtual evidence and the
consistency node, corresponding to our final model in Figure 7.1. We
learn the distribution of the consistency node on Xn

train for the V-BN-
text and text-only predictions, obtaining the combined prediction
P(V Csj | tab(i), note(i)) (Section 7.3.4 and 7.3.5). Note the contrast
with C-BN-text, which uses P(Bsj | tab(i)) rather than P(Vsj |
tab(i), note(i)).

The models C-BN-text and V-BN-text, can be viewed as ablations
of the final model V-C-BN-text, using only one of the consistency node
or virtual evidence to combine the neural classifiers with the BN.

In addition to these ablations, we consider the following additional base-
line:

• Concat-tab-text: This early-fusion baseline concatenates the tab-
ular features and the text embedding at the input of an MLP with
the same architecture as the text-only classifier. We use the same
implementation as described in Chapter 6, where binary variables are
transformed into a one-hot encoding, and the variable #Days is prepro-
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cessed using standard scaling. In contrast to the other fusion models
we explore, this black-box model treats the tabular and text features
as a single entity, and does not involve a BN. For more details on the
implementation of this baseline, we refer to Appendix 7.6.1.3.

To evaluate these models, we calculate the average precision and
Brier score over Xtest, across 20 seeds. We report average precision (equiv-
alent to area under the precision-recall curve), rather than some threshold-
based metrics like F1 score or accuracy, because our goal is to provide a
probabilistic estimate of the symptom sj being present in the patient, rather
than a hard decision. We choose average precision over area under the ROC
curve since the former is better equipped to deal with imbalanced datasets
[Davis and Goadrich, 2006], which is indeed the case for the symptom labels
in SimSUM. Since our classifiers for Fever have three classes, we report the
macro average precision in that case.

We also report the Brier score [Rufibach, 2010] (equivalent to the MSE
between the predicted probabilities and ground truth labels for binary symp-
toms) to reflect the accuracy of our models’ predicted probabilities. It
provides a combined measure of calibration and confidence. Like average
precision, this metric quantifies the correctness of the predicted probabili-
ties without requiring a hard threshold be set for classification. Note that
while our Brier scores for the binary symptoms lie in the [0, 1] range, we did
not scale the score for Fever (ternary), so it remains in the [0, 2] range.

Section 7.4.1 presents our main results, where we compare our multi-
modal consistency method with the uni-modal and multimodal baselines.
Then, Section 7.4.2 unravels where the improvements lie by examining the
models’ performance on distinct subsets of the test set. Following this, we
investigate how our consistency method handles a shift in text data distri-
bution during inference in Section 7.4.3. Our key takeaways are summarized
in Section 7.4.4.

7.4.1 Overall model comparison
As shown in Table 7.3, the naive text-only method already performs quite
well for the symptoms Dysp, Cough, and Nasal. Therefore, we focus our
analysis on the more difficult symptoms Pain and Fever that show more
room for improvement. Tables 7.4 and 7.5, respectively, report the average
precision and Brier scores for these symptoms. Detailed results for the other
symptoms are available in Appendix 7.6.3.1.

Examining Tables 7.4 and 7.5, we note that the BN-only model per-
forms sub-par to the models involving text, which is unsurprising, as this
model has no access to the clinical notes containing ample detail on the
presence of the symptoms. More importantly, the results show that the V-
C-BN-text model almost always outperforms the text-only and Concat-
tab-text models. In terms of Brier scores, the V-C-BN-text model always
outperforms its ablated versions V-BN-text and C-BN-text. While the
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improvements in average precision and Brier score over the baselines are
sometimes marginal, they are mostly significant across 20 seeds according
to a paired statistical test. As we will show in Section 7.4.2, including
knowledge from the tabular portion of the data with help of the BN, allows
the V-C-BN-text model to flag mistakes made by the text-only classifier
and thereby reliably improve upon its predictions, without impacting its
performance on more straightforward cases.

While one might expect lower training sizes to have the most poten-
tial for improvement, as the text classifier does not have many examples
to learn from in that case, this is not reflected in the results. This is be-
cause the BN’s performance suffers in these low regimes as well, rendering
its predictions less reliable and negatively affecting the performance of the
combined models. However, note that we do see the greatest improvements
on “middling” training sizes (654, 1223, and 2287 samples), where the BN
begins to fit the data quite well but the neural classifiers still struggle some-
what. Furthermore, in Appendix 7.6.3.2, we show that a combined model
which has access to the full ground truth BN (including the probabilities,
rather than learning them from data), indeed shows larger improvements
for smaller training sizes.

Zooming in on the Concat-tab-text baseline, we note that it suffers
from overfitting for smaller train sizes, as a result of its naive concatenation
of all features. We find that the combined models using the BN are more
robust across train sizes and symptoms. These combined models are also
much more interpretable, thanks to their modularity, their reliance on the
expert-informed BN for the inclusion of the tabular features, and their inter-
pretable late-fusion of the tabular and text predictions using the consistency
node and virtual evidence.

7.4.2 Analysis of test subsets
To get a better idea of how our combined model V-C-BN-text manages
to improve over the text-only baseline, we break the test set up into four
distinct subsets based on whether the symptom is present in the patient
(treating low + high as present for Fever) and whether the symptom is
mentioned in the text: {(present, mentioned); (present, not mentioned);
(not present, mentioned); (not present, not mentioned)}.7

As each subset now only contains either negative or positive examples, it
is no longer possible to report the average precision. Therefore, we look only
at the Brier score. Tables 7.6 and 7.7 provides the results for these subsets
for pain and fever. Results for the other symptoms across all subsets and
training sizes are available in Appendix 7.6.3.3.

7This is possible in SimSUM thanks to the addition of a label that indicates if a given
symptom is mentioned in the text of a clinical note; Appendix 7.6.2 outlines the process
for obtaining this label.
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Table 7.8: Brier scores (⇊) for BN-only vs. text-only on the present, not
mentioned subset across various training sizes. Note that BN-only performs
much better than text-only for all symptoms save fever.

Training size n

100 187 350 654 1223 2287 4278 8000

dysp BN-only 0.2892 0.2814 0.2608 0.2632 0.2582 0.2555 0.2579 0.2612
text-only 0.8879 0.8893 0.8958 0.9192 0.8972 0.8517 0.8501 0.847

cough BN-only 0.2019 0.1886 0.177 0.1793 0.1791 0.179 0.1803 0.1761
text-only 0.5749 0.642 0.6555 0.644 0.66 0.6452 0.6715 0.6648

pain BN-only 0.5822 0.5994 0.5925 0.5954 0.5975 0.5995 0.5951 0.5954
text-only 0.7786 0.8574 0.8387 0.8591 0.8822 0.8734 0.8711 0.8674

nasal BN-only 0.2982 0.2931 0.2868 0.2868 0.283 0.2813 0.2751 0.2827
text-only 0.8839 0.9129 0.9198 0.9324 0.9298 0.899 0.9087 0.8948

fever BN-only 1.1247 1.0954 1.098 1.0774 1.0818 1.0847 1.0908 1.0905
text-only 1.6366 1.5965 1.5683 1.4084 1.39 1.3764 1.306 1.3218

As seen in Tables 7.6 and 7.7, V-C-BN-text reliably improves over
text-only on the not present, mentioned and not present, not mentioned
subsets, and displays varied performance on the present, not mentioned sub-
set. Performance is slightly worse on the present, mentioned subset, but as
seen in the Tables 7.4 and 7.5, V-C-BN-text still improves overall. (Note
that the text-only model should be expected to make a good prediction for
this subset, as the clinical note contains the required information.) These
trends hold for the other symptoms and training sizes as well. Together,
these results indicate that the BN provides V-C-BN-text with information
about the prior distribution, which is biased towards the symptom(s) not
being present.

The present, not mentioned subset – where the patient experiences a
symptom which is not mentioned in the text – is of particular interest, as the
BN can provide valuable complementary information in this case. Table 7.8
directly compares the performance of the BN and neural classifiers on this
subset. As expected, the BN performs much better on this subset than the
text-only classifiers. Intuitively, this occurs because the neural classifiers
learn that a symptom is almost never present without being mentioned in
the text, while the BN looks only at the other tabular data to form its
prediction. The superior performance of the BN in this subset in turn
should allow the combined V-C-BN-text model to improve more over the
text-only baseline, as incorporating the BN’s prediction helps correct for
the missing information in the text. In Appendix 7.6.3.4, we break down
a concrete example of V-C-BN-text providing a higher probability than
text-only that pain is present when the symptom is not mentioned.

However, Table 7.6 shows that while V-C-BN-text performs much bet-
ter than the text-only classifiers on the present, not mentioned subset for
small training sizes (improving by a much larger margin than in other sub-
sets), at larger training sizes this improvement breaks down for pain and
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fever. Table 7.8 partly explains the particularly noticeable degradation in
performance for fever: the BN is much worse at predicting the occurrence
of fever in this subset than the other symptoms, leaving less room for it
to improve the combined V-C-BN-text model. The general degradation
is explained by the fact that, as the training size increases, the text-only
classifiers become more confident in their predictions, making their con-
tributions as virtual evidence weigh more heavily. This is detrimental in
the present, not mentioned subset where those text-only predictions are
typically wrong.

As shown in Table 7.6, the consistency node C-BN-text significantly
improves over the text-only classifiers for the present, not mentioned sub-
set for all training sizes, while the virtual evidence-only model V-BN-text
often performs worse than the text-only classifiers. V-C-BN-text, using
both virtual evidence and the consistency node, reliably improves over V-
BN-text, indicating the consistency node’s ability to help offset the fatal
weakness of virtual evidence: confident (but wrong) virtual evidence can
overwhelm the BN, leading to a more confident (and more wrong) final pre-
diction. A more comprehensive analysis can be found in Appendix 7.6.3.3.

7.4.3 Handling shifts in text data distribution
The performance gaps between the combined models and the text-only
classifier in Table 7.4 and Table 7.5 are often small, which can be attributed
to the limited information gap between the tabular data and what is written
in the text notes in the SimSUM dataset. Furthermore, our analysis of
performance on the present, not mentioned subset shows the potential of
our method to correct for faulty predictions of the text-only classifiers
when information is missing from the text.

To investigate how our method performs when more information is miss-
ing from the text, leaving more room for improvement over the text-only
model, we create a new version of the test dataset, which we call X ∗test,
containing manipulated notes. In this test set, the tabular variables remain
the same, but we randomly mask out sentences from the notes describing a
symptom. For this, we use the annotated symptom spans that were released
together with the SimSUM dataset [Rabaey et al., 2024a]. For every note in
the test set, we go over each phrase that describes any of the symptoms, and
drop the sentence containing that phrase with a 50% probability. For exam-
ple, the full sentence “Patient presents with low-grade fever and significant
nasal symptoms” might be dropped to remove the mention of “low-grade
fever” or of “significant nasal symptoms”. Note that this technique increases
the gap between the information contained in the tabular portion of the
data (patient background variables causing certain symptoms), and the in-
formation contained in the text portion of the data (descriptions of these
symptoms in the clinical notes).

We then used the original BN-only and text-only classifiers (which
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were trained using the original train set Xtrain with non-manipulated notes)
to evaluate performance on this new test set X ∗test. We also use the orig-
inal consistency node, whose weights were set based on the original train
set Xtrain. Tables 7.9 and 7.10 show the average precision and Brier scores,
respectively, of these models on X ∗test, the set of out-of-distribution samples,
for the symptoms pain and fever. These results demonstrate larger im-
provements than seen before in Tables 7.4 and 7.5, due to the added room
for improvement in the text-only classifiers as a result of the text data
shift in X ∗test. This pattern also holds for the other symptoms. The full
results can be found in Appendix 7.6.3.5. The V-C-BN-text model sig-
nificantly improves over the text-only baseline for almost all training sizes
and all symptoms. This shows that by including the BN and its background
knowledge, the V-C-BN-text model can fill in gaps of missing information
in the text, allowing it to effectively handle shifts in text data distribution
(compared to the training phase) during inference.

7.4.4 Key takeaways
Our results show that the methods combining the BN with neural classifiers
outperform the text-only and concat-tab-text baselines, with the V-C-
BN-text model performing the best overall. From our analysis of present
vs. mentioned subsets, we found that V-C-BN-text reliably improves
over the text-only classifiers in cases where the symptom is not present,
indicating that incorporating the predictions of the BN better accounts for
the true prior (which is biased towards a symptom not being present).

Furthermore, we found that for symptoms and training sizes where the
BN performs well relative to the text-only classifiers, the largest improve-
ments of the combined V-C-BN-text model come from cases where the
symptom is present but not mentioned in the text. This hints at the ability
of the BN to fill in the gaps where information is missing from the text. This
ability is further demonstrated in a data shift experiment, where informa-
tion is missing from the text at a higher rate at inference time than during
training. In this setting, the combined models outperform the text-only
classifiers by a larger margin, indicating that the BN is able to help correct
for the missing information.

Finally, the Brier scores of V-C-BN-text relative to V-BN-text indi-
cate the consistency node’s ability to improve calibration over virtual evi-
dence alone, while retaining strong overall accuracy. The difference in Brier
scores are especially notable when the symptom is missing from the text (see
present, not mentioned in Table 7.6), where virtual evidence is particularly
susceptible to confident, incorrect predictions from the neural classifiers.
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7.5 Conclusion
In this work, we introduced the concept of patient-level information extrac-
tion that leverages both the structured tabular features in a patient’s EHR
and the unstructured clinical notes describing the patient’s symptoms. By
augmenting virtual evidence with a consistency node, we achieved inter-
pretable integration of a Bayesian network with neural text classifiers, en-
abling coherent and probabilistic fusion of tabular and textual information.
Our method resulted in better-calibrated final predictions for the target
variables that take into account the true prior encoded in the Bayesian
network. At the same time, it highlighted the potential of the Bayesian
network to correct for abnormal cases of missing textual data. Our method
proved most effective for middling training sizes where the BN approaches
its optimal performance prior to the neural classifiers, making it particularly
appealing for use-cases where training data is limited.

While the current work focused on the specific use-case of predicting
patient-level symptoms from tabular data and text, we foresee a broader
use of our method in the future. First, any node in the Bayesian network
may be the target of information extraction, as long as the text contains
some information about this feature. Second, and more broadly, either of
the two modalities (tabular and text) may be swapped out for any other.
Virtual evidence and the consistency node are flexible, only expecting prob-
abilities at the input, without assuming any particular underlying method
with which these probabilities are obtained. For example, another applica-
tion of our combined consistency method could be the automated extraction
of information from X-Ray images, where predictions of an image classifier
that detects radiology features can be easily combined with a Bayesian net-
work that includes tabular background information on the patient (such
as age, previous diagnoses, etc.). Furthermore, while virtual evidence re-
quires a Bayesian network, there is no requirement that a neural network
be used to model the other modality. The consistency node is completely
agnostic to the choice of models and can even be used without a Bayesian
network.8 Finally, with minor adjustments to the consistency node, it be-
comes possible to include more than two modalities, while virtual evidence
is inherently able to handle evidence from multiple modalities for the same
node of a Bayesian network. In the previous example, radiology reports
might be included as a third modality along with X-ray images and tabular
background information.

Ultimately, the consistency node is a promising approach that provides
an interpretable fusion of arbitrary models and modalities, while its com-
patibility with virtual evidence makes it particularly suitable for integration
with Bayesian networks.

8However, we do find that having a Bayesian network as the tabular data model
would be an asset in many medical use-cases, thanks to the implicit inclusion of expert
knowledge.
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7.6 Limitations
Our method has several limitations. First, we interpret the probabilities at
the output of the neural classifier as if they are a reflection of its confidence
on the presence of the symptom in the text. However, this is not necessarily
the case, as neural classifiers are known to have issues with calibration [Guo
et al., 2017]. Still, this is offset by the consistency node, which improves
calibration compared to using virtual evidence alone, as evidenced by the
elevated Brier scores.

Second, we make strong assumptions on the types of conditional distri-
butions that are learned in the BN. In our case, these assumptions match
up perfectly with the true data generating process of the data as described
in Rabaey et al. [2024a]. However, in a realistic setting, one would not have
access to the true type of probability distribution for each variable in the
network, and would instead need to consult an expert.

Third, it can be very challenging to come up with a DAG structure
that accurately captures reality. To mitigate this, one could work with a
panel of experts who iteratively improve the DAG. Furthermore, future
work can focus on using (partial) structure learning algorithms [Scanagatta
et al., 2019] to learn the DAG from the data, filling in the gaps where
experts are unsure, while still asking experts to validate the final DAG.
Note that while the inclusion of the BN in our method might limit its
generalization to broader contexts, we explicitly choose to trade in this
flexibility for interpretability and expert input.

Finally, and related to the previous point, we only validated our method
on a single simulated use-case. While this shows the merit of our method as
a proof-of-concept, future work should focus on putting the theory into prac-
tice and applying our method to a more realistic and challenging dataset.
To this end, the MIMIC-III [Johnson et al., 2016] and MIMIC-IV [Johnson
et al., 2023] datasets come to mind.
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Appendix

7.6.1 Training details
7.6.1.1 Bayesian network

To model the tabular portion of the data, we use a BN. A BN is defined by
a DAG, which models the relations between the variables. This DAG also
prescribes how the joint distribution factorizes into conditional probability
distributions, one for each variable conditional on its parents. In SimSUM,
both the DAG and the probability distributions are defined by an expert,
together forming a BN from which the tabular data is sampled. In a realistic
setting, we cannot assume that we know the full data generating process.
Instead, we assume that we can consult an expert to tell us how the variables
are related, giving rise to the DAG in Figure 7.1, but that we need to learn
the exact conditional probability distributions from data.

Formally, we model the tabular portion of the data by learning the
probability distribution in Equation 7.7, where we abbreviated some of the
variable names for ease of presentation.

Ptab(Asthma, Smoking, COPD, Hay, Season, Pneu, Cold

Dysp, Cough, Pain, Nasal, Fever, Antibio, #Days)

= P(Asthma)P(Smoking)P(COPD | Smoking)P(Season)

P(Hay)P(Cold | Season)P(Pneu | Asthma, COPD, Season)

P(Dysp | Asthma, Smoking, COPD, Pneu, Hay)

P(Cough | Asthma, Smoking, COPD, Pneu, Cold)

P(Pain | Cough, Pneu, COPD, Cold)P(Fever | Pneu, Cold)

P(Nasal | Cold, Hay)P(Antibio | Dysp, Cough, Pain, Fever)

P(#Days | Antibio, Dysp, Cough, Pain, Fever, Nasal)

(7.7)

In SimSUM, the conditional probability distributions are parameterized
in various ways: (i) CPTs for the variables Asthma, Smoking, COPD, Hay
fever, Season, Pneumonia, Common cold and Fever, (ii) Noisy-OR distri-
butions for the symptoms Dyspnea, Cough, Pain, and Nasal, (iii) a logis-
tic regression model and two Poisson regression models for the variables
Antibiotics and #Days, respectively.

To obtain the full probability distribution Ptab(Asthma, Smoking, ...,
Antibiotics,#Days), we can learn the parameters for each of these condi-
tional distributions independently, by training them on the tabular portion
of the data Xtrain. To this end, we follow the approach outlined in SimSUM
[Rabaey et al., 2024a]. In short, all parameters are learned through Max-
imum Likelihood Estimation, where the exact likelihood that is optimized
depends on the particular parametrization approach. We manually tune the
hyperparameters (learning rate and number of epochs) for each training set
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size, increasing the number of epochs and learning rate for smaller training
sets. We keep the batch size fixed at 50.

When all parameters have been learned, we turn these distributions
into CPTs by evaluating them for each combination of child and parent
values, as described in SimSUM [Rabaey et al., 2024a]. This allows us to do
exact inference over the tabular evidence in the learned BN through variable
elimination [Koller and Friedman, 2009].

7.6.1.2 Neural text classifier

We follow the approach of Rabaey et al. [2024a] for training the neural text
classifier. There is one hidden layer of size 256, followed by a ReLU ac-
tivation. To deal with the varying training set sizes, we tune the optimal
number of epochs with early stopping in a 5-fold cross-validation loop for
each training set, with patience of 10 and tolerance of 10−3 on the cross-
entropy loss over the validation set (with the maximum set to 200 epochs).
We then take the median of the number of epochs at which early stopping
was applied for each of these cross-validation splits, and retrain with the
full training set afterwards for that number of epochs. The other hyperpa-
rameters are fixed as follows: a batch size of 50, a learning rate of 0.0005,
weight decay (L2 regularization) of 10−5 and no dropout.

7.6.1.3 Multimodal baseline: Concat-tab-text

We use the implementation of the neural-text-tab baseline as described in
Rabaey et al. [2024a]. According to this implementation, the tabular fea-
tures are transformed into a vector representation. We use a one-hot en-
coding for the categorical (binary) features, and normalize the #Days fea-
ture using a StandardScaler. This tabular feature representation (vector of
shape 9) is concatenated with the text embedding representation (vector
of shape 768) and then fed into the exact same architecture as was used
for the text-only baseline (only its input layer is updated from size 768 to
size 777). Accordingly, we use the exact same cross-validation strategy and
hyperparameters to train the model as described in Section 7.6.1.2.

7.6.2 Mentions label construction
The SimSUM dataset does not include labels indicating if a symptom is
mentioned in the clinical note. We created these labels from the information
available in SimSUM, augmented by manual annotation. The labels we used
are made available on our Github repository, along with the rest of the code,
at https://github.com/AdrickTench/patient-level-IE.

SimSUM includes two key pieces of information that we used to create
the mentions labels: (1) a label indicating if the LLM that generated the
clinical note was instructed to mention (or not mention) the symptom, and

https://github.com/AdrickTench/patient-level-IE


161

(2) pre-identified span annotations indicating portions of the clinical note
that mention the symptom. In cases where (1) and (2) agree, we automat-
ically generated the corresponding label. Disagreements between (1) and
(2) were resolved through manual annotation by one of the authors.

Such disagreements can be attributed to either a failure of the LLM to
follow the instructions provided in its prompt, or a failure of the span anno-
tation process. Because of the possibility that both (1) and (2) failed on the
same symptom and note but were automatically accepted as the true label,
and the possibility of human error in the manual annotation process, we
cannot guarantee that our mentions labels are completely accurate. How-
ever, we expect that inaccuracies are exceptional and the labels are correct
in the overwhelming majority of cases.

7.6.3 Extended results
7.6.3.1 Results for all symptoms

We report the average precision (Table 7.11) and Brier scores (Table 7.12)
of our models for all symptoms, as calculated on Xtest over 20 seeds for
various training sizes n. We also report the overall mean of each metric over
all five symptoms. We find that V-C-BN-text performs the best overall,
providing the best Brier scores and a statistically significant improvement
in average precision. While the virtual-evidence-only model V-BN-text
sometimes provides slightly better improvements to average precision, it
does not yield statistically significant improvements to the Brier score as
reliably as V-C-BN-text.

7.6.3.2 Ground truth SimSUM Bayesian network

The tabular portion of the SimSUM dataset was generated using a fully
expert-defined BN, where not only the relations between the variables were
defined by an expert, but also the conditional probabilities. In a real setting,
it would be unrealistic to assume that we have access to this true generating
process, which is why we learn the distributions from the data in our work,
which gives us the BN-only model. However, having access to the true
ground truth distributions allows us to swap the BN-only model for the
GT-only model (GT indicating ground truth), and use its predictions to
build the fusion models C-GT-text, V-GT-text, and V-C-GT-text. We
do not change anything about the text-only model. Table 7.13 and Table
7.14 show the results. We note that these fusion models with access to
the ground truth BN (GT-only) often outperform the models using the
learned BN (BN-only), especially for smaller training sizes, as the BN
better matches the true data generating process.



162

7.6.3.3 Present vs. mentioned subsets

We report the Brier scores of the text-only baseline and our BN-text mod-
els on the subsets {present, mentioned ; present, not mentioned ; not present,
mentioned ; not present, not mentioned} in Table 7.15, Table 7.16, Table
7.17, and Table 7.18 respectively.

As mentioned in Section 7.4.2, V-C-BN-text improves significantly
over the text-only classifiers in the present, not mentioned subset for small
training sizes, but this breaks down at larger training sizes for pain, nasal,
and fever. We attribute this to two factors: (1) the BN does not increase
in accuracy as much as the text-only classifiers with more training data,
leading the consistency node to favor the predictions of the neural classifiers,
and (2) the text-only classifiers become more confident at higher training
sizes, leading their contributions as virtual evidence to be weighed more
heavily.

Evidence of (1) can be seen in Table 7.11, where the performance of the
BN does not improve as much as the text-only classifiers at higher training
sizes. Note this table also helps indicate why dysp and cough continue to
display larger improvements on the present, not mentioned than the other
symptoms: the BN is better at predicting those symptoms relative to the
neural classifiers at higher training sizes.

As evidence of (2), we define a standard confidence measure using nor-
malized entropy [Wu et al., 2021b]: using standard Shannon entropy to
determine the uncertainty of our model’s predictions:

H(p) = −
K∑
i=1

pi log pi (7.8)

we define confidence as 1 minus the normalized entropy:

1− H(p)

logK
(7.9)

We report the confidence of the text-only classifiers (substituting P(Tsj |
note) for p in Equation 7.9) in Table 7.19, which shows that the neural clas-
sifiers become more confident at larger training sizes. As noted in Section
7.4.2, confident virtual evidence can lead to a more confident final predic-
tion, producing a more confidently wrong prediction in the case of faulty
virtual evidence. As shown in Table 7.16, the consistency node can help
correct for this weakness of virtual evidence at higher training sizes for the
more difficult symptoms Pain and Fever.

7.6.3.4 Illustrative example

As explained in Section 7.4.2, many of the cases contributing to the superior
performance of the V-C-BN-text model over the text-only model are
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those where the symptom is present in the patient, but not present in the
text. We zoom in on one of these cases to illustrate this point.

Patient 8809 in SimSUM has a common cold, and as a result of this,
they suffer from a cough, nasal symptoms, a low fever, and pain. Further-
more, the tabular data record reveals that the patient visited the doctor’s
office during winter time, and stayed home for 9 days as a result of these
symptoms. From the tabular evidence (Common cold = yes, Season = win-
ter, #Days = 9, all other tabular evidence = no), the BN predicts an 82.9%
chance for pain. The clinical note is as follows:

**History**
The patient presented with a constant cough persisting for the past week. They confirmed

experiencing mild fever fluctuations, primarily in the evenings, describing the
fever as low-grade. In addition, the patient reported nasal congestion and mild
rhinorrhea, which started around the same time as the cough. The patient denied
any episodes of dyspnea. They have been taking over-the-counter decongestants with
minimal relief.

**Physical Examination**
Vital signs: Temperature: 37.6C, Blood Pressure: 120/80 mmHg, Pulse: 78 bpm, Respiratory

Rate: 16 breaths per minute, and SpO2: 98% on room air. The patient appeared
alert and in no acute distress. Upon auscultation, lungs were clear bilaterally
with normal breath sounds and no wheezing or crackles. Nasal mucosa appeared
slightly inflamed and there were no signs of significant throat erythema or
exudates. Palpation of the cervical lymph nodes was unremarkable. Cardiac
examination revealed regular rate and rhythm with no murmurs, rubs, or gallops.
Abdomen was soft and non-tender with no apparent organomegaly.

This note does not mention pain anywhere. By training on similar ex-
amples, the neural text classifier has learned that there is a very low chance
of pain in this patient (since most notes in the training set that are labeled
with pain, do indeed mention pain somewhere in the note). As a result, the
text classifier predicts only a 4.9% chance for pain.

By combining the BN’s prediction with the neural text classifier’s pre-
diction using the V-C-BN-text model, we arrive at a probability of 40.1%
for pain, which is higher than before and closer to the true label.9

7.6.3.5 Handling shifts in text data distribution

As explained in Section 7.4.3, we used our original BN-only and text-only
classifiers, as well as the original consistency nodes (which were trained
using the original train set Xtrain with non-manipulated notes) to evalu-
ate performance on the new test set X ∗test with manipulated notes. Ta-
bles 7.20 and 7.21 show the results for all symptoms. The V-C-BN-text
model significantly improves over the text-only baseline on both met-
rics for almost all training sizes and symptoms. These manipulated notes
are released on our Github repository, along with the rest of the code, at
https://github.com/AdrickTench/patient-level-IE.

9These results are attained for seed 2014 on training size 187.

https://github.com/AdrickTench/patient-level-IE
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Table 7.11: Average precision (⇈) for the predictions of our models over
Xtest, averaged over 20 seeds for various training sizes n. The best model
per training size and per symptom is highlighted in bold. The best baseline
model for each class is underlined. Cases where a model outperforms the
best baseline model significantly are indicated by * (p < 0.05 in a one-sided
Wilcoxon signed-rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp BN-only 0.7625 0.7644 0.7794 0.7937 0.7972 0.7981 0.7981 0.7989
text-only 0.9246 0.9482 0.9578 0.967 0.9731 0.9798 0.9831 0.9878
Concat-tab-text 0.9127 0.9398 0.9533 0.9657 0.9737 0.9801 0.9841 0.987

C-BN-text *0.9258 0.948 0.957 0.9669 0.9736 0.9785 0.9817 0.9875
V-BN-text 0.9186 0.9392 0.9472 0.9665 0.9741 0.9806 0.9841 *0.9882
V-C-BN-text *0.928 *0.9519 *0.96 *0.9701 *0.9759 *0.9819 *0.9853 *0.9892

change vs. baseline +0.35% +0.36% +0.22% +0.31% +0.22% +0.18% +0.12% +0.13%

cough BN-only 0.7568 0.7718 0.7844 0.7898 0.7929 0.7946 0.7947 0.7942
text-only 0.902 0.9452 0.9571 0.9689 0.978 0.9826 0.9863 0.989
Concat-tab-text 0.8866 0.9393 0.9582 0.9705 0.9794 0.9851 0.9886 0.9908

C-BN-text *0.9086 *0.9483 *0.9607 0.9701 0.9772 0.9813 0.9858 0.988
V-BN-text 0.8988 0.9431 0.9578 *0.9727 *0.9825 *0.9864 *0.9896 *0.9918
V-C-BN-text *0.916 *0.9549 *0.9647 *0.9743 *0.9821 0.9857 0.989 *0.9914

change vs. baseline +1.4% +0.97% +0.65% +0.38% +0.3% +0.13% +0.1% +0.1%

pain BN-only 0.3197 0.3277 0.3409 0.3464 0.35 0.3509 0.3517 0.3515
text-only 0.6181 0.7252 0.7648 0.804 0.825 0.8377 0.8471 0.8608
Concat-tab-text 0.5091 0.6537 0.7422 0.7858 0.8183 0.8412 0.8559 0.868

C-BN-text 0.6135 *0.7271 *0.7723 *0.8124 *0.8323 0.8435 0.8521 0.8653
V-BN-text 0.5667 0.7027 0.7532 *0.8194 *0.8463 *0.8598 *0.8699 *0.8826
V-C-BN-text 0.6022 0.7244 0.7673 *0.8146 *0.8375 *0.8511 *0.8606 *0.8738

change vs. baseline -0.46% +0.19% +0.76% +1.54% +2.13% +1.86% +1.4% +1.46%

nasal BN-only 0.6337 0.6357 0.6341 0.6303 0.634 0.6324 0.6328 0.634
text-only 0.9512 0.9584 0.9657 0.9706 0.9743 0.9779 0.98 0.9816
Concat-tab-text 0.9444 0.9579 0.9666 0.973 0.9777 0.9818 0.9847 0.9869

C-BN-text *0.9567 *0.9624 0.9686 *0.9769 *0.9799 0.9817 0.9841 0.9847
V-BN-text 0.9508 *0.9609 0.9664 *0.976 *0.9819 *0.9861 *0.9879 *0.9885
V-C-BN-text *0.9547 *0.9628 *0.9699 *0.9757 *0.9798 *0.9836 *0.9858 0.9869

change vs. baseline +0.54% +0.45% +0.33% +0.39% +0.43% +0.43% +0.31% +0.16%

fever BN-only 0.4792 0.4983 0.5167 0.5309 0.5398 0.5437 0.5465 0.5474
text-only 0.6905 0.7501 0.7973 0.8646 0.8986 0.9164 0.9315 0.9393
Concat-tab-text 0.6605 0.7495 0.7939 0.8526 0.8951 0.922 0.9381 0.9501

C-BN-text 0.66 0.7472 0.7999 *0.8705 *0.9017 0.9199 0.9345 0.9434
V-BN-text 0.6521 0.7545 *0.8091 *0.8829 *0.9141 *0.931 *0.9475 *0.9562
V-C-BN-text 0.6644 *0.7595 *0.8107 *0.8802 *0.9101 *0.9267 *0.9421 *0.9515

change vs. baseline -2.61% +0.94% +1.35% +1.82% +1.54% +0.9% +0.94% +0.61%

mean BN-only 0.5904 0.5996 0.6111 0.6182 0.6228 0.6239 0.6247 0.6252
text-only 0.8173 0.8654 0.8885 0.915 0.9298 0.9389 0.9456 0.9517
Concat-tab-text 0.7827 0.848 0.8828 0.9095 0.9289 0.942 0.9503 0.9566

C-BN-text 0.8129 *0.8666 *0.8917 *0.9194 *0.933 0.941 0.9477 0.9538
V-BN-text 0.7974 0.8601 0.8867 *0.9235 *0.9398 *0.9488 *0.9558 *0.9615
V-C-BN-text 0.8131 *0.8707 *0.8945 *0.923 *0.9371 *0.9458 *0.9525 *0.9586

change vs. baseline -0.42% +0.53% +0.6% +0.85% +1.0% +0.68% +0.55% +0.49%
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Table 7.12: Brier scores (⇊) for the predictions of our models over Xtest,
averaged over 20 seeds for various training sizes n. The best model per
training size and per symptom is highlighted in bold. The best baseline
model for each class is underlined. Cases where a model outperforms the
best baseline model significantly are indicated by * (p < 0.05 in a one-sided
Wilcoxon signed-rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp BN-only 0.0861 0.083 0.0797 0.0777 0.077 0.0766 0.0765 0.0763
text-only 0.0485 0.0365 0.0314 0.0277 0.023 0.019 0.0172 0.0128
Concat-tab-text 0.0508 0.0396 0.0339 0.0288 0.0251 0.0196 0.0172 0.0145

C-BN-text 0.0517 0.0367 0.0324 0.0275 0.0231 0.0192 0.0175 0.0132
V-BN-text 0.0498 0.0375 0.0333 0.0289 0.0249 0.02 0.0181 0.0145
V-C-BN-text *0.0468 *0.0345 *0.0301 *0.0255 *0.0218 *0.0177 *0.0156 0.0123

change vs. baseline -0.16% -0.21% -0.12% -0.22% -0.12% -0.13% -0.15% -0.04%

cough BN-only 0.1267 0.1209 0.1176 0.1169 0.1158 0.1155 0.1155 0.1154
text-only 0.0882 0.0659 0.0576 0.0494 0.0401 0.0337 0.027 0.0247
Concat-tab-text 0.0907 0.0659 0.0553 0.0462 0.0398 0.0327 0.0264 0.0237

C-BN-text *0.0857 *0.0642 0.0572 0.0487 0.0389 0.0328 0.0268 0.0244
V-BN-text *0.0831 *0.0601 *0.0529 *0.044 *0.0349 *0.0296 *0.0242 0.0229
V-C-BN-text *0.0779 *0.0575 *0.0503 *0.0417 *0.0327 *0.0274 *0.0228 *0.0203

change vs. baseline -1.04% -0.84% -0.5% -0.45% -0.71% -0.54% -0.36% -0.34%

pain BN-only 0.1138 0.1119 0.1091 0.1078 0.1074 0.1073 0.1071 0.1072
text-only 0.0854 0.0711 0.0628 0.0553 0.0491 0.0451 0.0426 0.0383
Concat-tab-text 0.0942 0.0789 0.0666 0.0623 0.0524 0.0478 0.0436 0.0393

C-BN-text 0.0915 0.0734 0.0702 0.0604 0.0535 0.0501 0.047 0.0423
V-BN-text 0.0963 0.0792 0.0717 0.0577 0.0511 0.046 0.0427 0.0385
V-C-BN-text 0.0866 *0.0704 0.0647 0.0539 0.0483 0.0444 0.0414 0.0377

change vs. baseline +0.13% -0.07% +0.19% -0.14% -0.08% -0.06% -0.13% -0.06%

nasal BN-only 0.1216 0.1197 0.1185 0.1183 0.1175 0.1177 0.1174 0.1173
text-only 0.0424 0.0373 0.0315 0.0274 0.0238 0.0221 0.019 0.0181
Concat-tab-text 0.0513 0.0417 0.035 0.0309 0.0262 0.0224 0.02 0.0177

C-BN-text 0.0441 *0.037 *0.0311 *0.0267 *0.0235 *0.0218 0.0189 0.018
V-BN-text 0.045 *0.0344 *0.0289 0.0262 *0.0224 *0.0201 *0.018 *0.0165
V-C-BN-text *0.0395 *0.0336 *0.0279 *0.0244 *0.0214 *0.019 *0.0173 *0.0164

change vs. baseline -0.3% -0.37% -0.36% -0.3% -0.24% -0.31% -0.17% -0.13%

fever BN-only 0.3253 0.3153 0.3083 0.3049 0.3029 0.3016 0.301 0.3008
text-only 0.256 0.2257 0.201 0.1744 0.1448 0.1256 0.1126 0.0984
Concat-tab-text 0.2632 0.2208 0.1978 0.1738 0.1449 0.1243 0.1081 0.0962

C-BN-text 0.2683 0.2253 0.2089 0.1709 0.1441 0.1261 0.1144 0.1038
V-BN-text 0.2868 0.2327 0.2098 *0.1613 *0.1353 0.1242 0.1067 0.0986
V-C-BN-text 0.2535 *0.2115 *0.1911 *0.1511 *0.1269 *0.1146 *0.1014 0.0941

change vs. baseline -0.25% -0.93% -0.67% -2.27% -1.79% -0.96% -0.68% -0.22%

mean BN-only 0.1547 0.1502 0.1466 0.1451 0.1441 0.1437 0.1435 0.1434
text-only 0.1041 0.0873 0.0768 0.0668 0.0562 0.0491 0.0437 0.0384
Concat-tab-text 0.11 0.0894 0.0777 0.0684 0.0577 0.0494 0.0431 0.0383

C-BN-text 0.1082 0.0873 0.08 0.0668 0.0566 0.05 0.0449 0.0404
V-BN-text 0.1122 0.0888 0.0793 *0.0636 *0.0537 0.048 *0.0419 0.0382
V-C-BN-text *0.1009 *0.0815 *0.0728 *0.0593 *0.0502 *0.0446 *0.0397 *0.0362

change vs. baseline -0.32% -0.58% -0.4% -0.75% -0.6% -0.45% -0.34% -0.21%
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Table 7.13: Average precision (⇈) for the predictions of our models using
the ground truth Bayesian network (GT-only) over Xtest, averaged over
20 seeds for various training sizes n. The best model per training size and
per symptom is highlighted in bold. The best baseline model for each class
is underlined. Cases where a model outperforms the best baseline model
significantly are indicated by * (p < 0.05 in a one-sided Wilcoxon signed-
rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp GT-only 0.7996 0.7996 0.7996 0.7996 0.7996 0.7996 0.7996 0.7996
text-only 0.9246 0.9482 0.9578 0.967 0.9731 0.9798 0.9831 0.9878
Concat-tab-text 0.9127 0.9398 0.9533 0.9657 0.9737 0.9801 0.9841 0.987

C-GT-text *0.9292 *0.9499 *0.9584 0.9676 0.974 0.9786 0.982 0.9875
V-GT-text 0.9283 *0.9514 0.9572 0.9677 0.9742 0.9805 0.984 *0.9881
V-C-GT-text *0.9313 *0.9533 *0.9606 *0.97 *0.9757 *0.9817 *0.9851 *0.989

change vs. baseline +0.67% +0.5% +0.29% +0.3% +0.2% +0.16% +0.1% +0.12%

cough GT-only 0.797 0.797 0.797 0.797 0.797 0.797 0.797 0.797
text-only 0.902 0.9452 0.9571 0.9689 0.978 0.9826 0.9863 0.989
Concat-tab-text 0.8866 0.9393 0.9582 0.9705 0.9794 0.9851 0.9886 0.9908

C-GT-text *0.9175 *0.9501 *0.9612 0.9704 0.9776 0.9816 0.986 0.9882
V-GT-text *0.9279 *0.9575 *0.9658 *0.9754 *0.9831 *0.9868 *0.9898 *0.9919
V-C-GT-text *0.9269 *0.9571 *0.9663 *0.9752 *0.9823 *0.9859 0.9891 *0.9914

change vs. baseline +2.59% +1.24% +0.81% +0.49% +0.37% +0.17% +0.12% +0.11%

pain GT-only 0.3603 0.3603 0.3603 0.3603 0.3603 0.3603 0.3603 0.3603
text-only 0.6181 0.7252 0.7648 0.804 0.825 0.8377 0.8471 0.8608
Concat-tab-text 0.5091 0.6537 0.7422 0.7858 0.8183 0.8412 0.8559 0.868

C-GT-text *0.6259 *0.7328 *0.7739 *0.8121 *0.8322 0.8431 0.852 0.8651
V-GT-text 0.6119 *0.7308 0.7628 *0.8215 *0.8473 *0.8601 *0.8699 *0.8825
V-C-GT-text *0.6296 *0.7326 *0.7708 *0.8149 *0.8375 *0.8508 *0.8602 *0.8734

change vs. baseline +1.15% +0.75% +0.92% +1.76% +2.23% +1.89% +1.4% +1.45%

nasal GT-only 0.6477 0.6477 0.6477 0.6477 0.6477 0.6477 0.6477 0.6477
text-only 0.9512 0.9584 0.9657 0.9706 0.9743 0.9779 0.98 0.9816
Concat-tab-text 0.9444 0.9579 0.9666 0.973 0.9777 0.9818 0.9847 0.9869

C-GT-text *0.9559 *0.9625 0.9689 *0.9771 *0.9799 0.9817 0.9842 0.9847
V-GT-text *0.9538 *0.9644 *0.9715 *0.9785 *0.983 *0.9861 *0.9879 *0.9885
V-C-GT-text *0.9548 *0.9632 *0.9703 *0.9758 *0.9799 *0.9836 *0.9857 0.987

change vs. baseline +0.47% +0.6% +0.49% +0.55% +0.53% +0.43% +0.31% +0.16%

fever GT-only 0.5465 0.5465 0.5465 0.5465 0.5465 0.5465 0.5465 0.5465
text-only 0.6905 0.7501 0.7973 0.8646 0.8986 0.9164 0.9315 0.9393
Concat-tab-text 0.6605 0.7495 0.7939 0.8526 0.8951 0.922 0.9381 0.9501

C-GT-text 0.681 0.7536 *0.803 *0.8711 *0.9018 0.9199 0.9344 0.9434
V-GT-text *0.7149 *0.7869 *0.8224 *0.8861 *0.9154 *0.9313 *0.9476 *0.9563
V-C-GT-text 0.6936 *0.7756 *0.8179 *0.8814 *0.9103 *0.9266 *0.942 *0.9515

change vs. baseline +2.44% +3.68% +2.52% +2.15% +1.68% +0.93% +0.95% +0.62%

mean GT-only 0.6302 0.6302 0.6302 0.6302 0.6302 0.6302 0.6302 0.6302
text-only 0.8173 0.8654 0.8885 0.915 0.9298 0.9389 0.9456 0.9517
Concat-tab-text 0.7827 0.848 0.8828 0.9095 0.9289 0.942 0.9503 0.9566

C-GT-text *0.8219 *0.8698 *0.8931 *0.9197 *0.9331 0.941 0.9477 0.9538
V-GT-text *0.8273 *0.8782 *0.8959 *0.9258 *0.9406 *0.949 *0.9558 *0.9615
V-C-GT-text *0.8272 *0.8764 *0.8972 *0.9234 *0.9372 *0.9457 *0.9524 *0.9585

change vs. baseline +1.01% +1.28% +0.87% +1.08% +1.08% +0.69% +0.55% +0.49%
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Table 7.14: Brier scores (⇊) for the predictions of our models using the
ground truth Bayesian network (GT-only) over Xtest, averaged over 20
seeds for various training sizes n. The best model per training size and per
symptom is highlighted in bold. The best baseline model for each class
is underlined. Cases where a model outperforms the best baseline model
significantly are indicated by * (p < 0.05 in a one-sided Wilcoxon signed-
rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp GT-only 0.0761 0.0761 0.0761 0.0761 0.0761 0.0761 0.0761 0.0761
text-only 0.0485 0.0365 0.0314 0.0277 0.023 0.019 0.0172 0.0128
Concat-tab-text 0.0508 0.0396 0.0339 0.0288 0.0251 0.0196 0.0172 0.0145

C-GT-text 0.0508 0.0365 0.0322 0.0274 0.023 0.0192 0.0175 0.0132
V-GT-text 0.0468 *0.0352 0.0324 0.0287 0.0248 0.02 0.0183 0.0148
V-C-GT-text *0.0458 *0.0337 *0.0298 *0.0254 *0.0218 *0.0178 *0.0157 0.0124

change vs. baseline -0.27% -0.29% -0.16% -0.23% -0.12% -0.13% -0.15% -0.03%

cough GT-only 0.1146 0.1146 0.1146 0.1146 0.1146 0.1146 0.1146 0.1146
text-only 0.0882 0.0659 0.0576 0.0494 0.0401 0.0337 0.027 0.0247
Concat-tab-text 0.0907 0.0659 0.0553 0.0462 0.0398 0.0327 0.0264 0.0237

C-GT-text *0.085 *0.064 0.0571 0.0486 0.0388 0.0328 0.0268 0.0244
V-GT-text *0.0727 *0.0555 *0.0496 *0.042 *0.0341 *0.0292 *0.0239 0.0224
V-C-GT-text *0.0742 *0.0558 *0.049 *0.0408 *0.0324 *0.0272 *0.0228 *0.0202

change vs. baseline -1.55% -1.04% -0.62% -0.54% -0.74% -0.55% -0.37% -0.35%

pain GT-only 0.1066 0.1066 0.1066 0.1066 0.1066 0.1066 0.1066 0.1066
text-only 0.0854 0.0711 0.0628 0.0553 0.0491 0.0451 0.0426 0.0383
Concat-tab-text 0.0942 0.0789 0.0666 0.0623 0.0524 0.0478 0.0436 0.0393

C-GT-text 0.0919 0.0736 0.0702 0.0604 0.0536 0.0501 0.047 0.0423
V-GT-text 0.0952 0.0767 0.0705 0.0573 0.0508 0.0457 0.0427 0.0384
V-C-GT-text 0.0866 *0.0699 0.0644 0.0538 0.0482 0.0444 0.0414 *0.0377

change vs. baseline +0.13% -0.12% +0.16% -0.14% -0.09% -0.07% -0.12% -0.07%

nasal GT-only 0.1167 0.1167 0.1167 0.1167 0.1167 0.1167 0.1167 0.1167
text-only 0.0424 0.0373 0.0315 0.0274 0.0238 0.0221 0.019 0.0181
Concat-tab-text 0.0513 0.0417 0.035 0.0309 0.0262 0.0224 0.02 0.0177

C-GT-text 0.0441 *0.037 *0.0312 *0.0268 *0.0235 *0.0218 0.0189 0.018
V-GT-text 0.0417 *0.0331 *0.0281 *0.0255 *0.0222 *0.0201 *0.0179 *0.0164
V-C-GT-text *0.039 *0.0335 *0.0278 *0.0245 *0.0214 *0.019 *0.0173 *0.0164

change vs. baseline -0.35% -0.42% -0.37% -0.29% -0.25% -0.31% -0.17% -0.14%

fever GT-only 0.3006 0.3006 0.3006 0.3006 0.3006 0.3006 0.3006 0.3006
text-only 0.256 0.2257 0.201 0.1744 0.1448 0.1256 0.1126 0.0984
Concat-tab-text 0.2632 0.2208 0.1978 0.1738 0.1449 0.1243 0.1081 0.0962

C-GT-text 0.268 0.2253 0.2088 0.1709 0.1441 0.1261 0.1144 0.1038
V-GT-text 0.2766 0.2241 0.2054 *0.1589 *0.1338 0.124 0.1065 0.0985
V-C-GT-text 0.2503 *0.2092 *0.1897 *0.1505 *0.1266 *0.1148 *0.1015 0.0942

change vs. baseline -0.58% -1.16% -0.81% -2.34% -1.81% -0.95% -0.67% -0.21%

mean GT-only 0.1429 0.1429 0.1429 0.1429 0.1429 0.1429 0.1429 0.1429
text-only 0.1041 0.0873 0.0768 0.0668 0.0562 0.0491 0.0437 0.0384
Concat-tab-text 0.11 0.0894 0.0777 0.0684 0.0577 0.0494 0.0431 0.0383

C-GT-text 0.108 0.0873 0.0799 0.0668 0.0566 0.05 0.0449 0.0404
V-GT-text 0.1066 *0.0849 0.0772 *0.0625 *0.0531 *0.0478 *0.0419 0.0381
V-C-GT-text *0.0992 *0.0804 *0.0721 *0.059 *0.0501 *0.0446 *0.0397 *0.0362

change vs. baseline -0.49% -0.69% -0.47% -0.78% -0.61% -0.45% -0.33% -0.21%
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Table 7.15: Brier scores (⇊) for our models on the present, mentioned subset
across various training sizes. The best model per training size and per
symptom is highlighted in bold. Cases where a model outperforms text-
only significantly are indicated by * (p < 0.05 in a one-sided Wilcoxon
signed-rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp text-only 0.1174 0.08 0.0719 0.0648 0.0562 0.0369 0.0355 0.0283
C-BN-text 0.1411 0.0912 0.083 0.0695 0.0592 0.0431 0.0419 0.0309
V-BN-text 0.1477 0.1031 0.0931 0.0831 0.0719 0.0487 0.0465 0.0364
V-C-BN-text 0.115 0.0807 0.0742 0.064 0.0567 0.0433 0.04 0.0308

change vs. baseline -0.24% +0.07% +0.23% -0.08% +0.05% +0.62% +0.45% +0.25%

cough text-only 0.1153 0.0659 0.0592 0.0402 0.0283 0.0182 0.017 0.0098
C-BN-text 0.1259 0.0733 0.0634 0.0473 0.0328 0.0217 0.0183 0.0135
V-BN-text 0.1228 0.0668 0.0563 *0.0365 *0.0243 *0.0145 *0.0139 0.0088
V-C-BN-text *0.1031 0.0627 *0.0521 0.0377 0.025 0.0161 0.0147 0.0098

change vs. baseline -1.22% -0.32% -0.71% -0.38% -0.4% -0.37% -0.31% -0.1%

pain text-only 0.3809 0.2508 0.1941 0.1393 0.1252 0.103 0.0909 0.0706
C-BN-text 0.4679 0.3097 0.3086 0.2337 0.1912 0.1696 0.1489 0.1162
V-BN-text 0.5569 0.401 0.3573 0.2387 0.1921 0.15 0.1247 0.0931
V-C-BN-text 0.4157 0.28 0.2625 0.1915 0.1608 0.1354 0.1147 0.0885

change vs. baseline +3.48% +2.91% +6.84% +5.22% +3.56% +3.24% +2.38% +1.79%

nasal text-only 0.0521 0.0349 0.0205 0.019 0.0124 0.0065 0.0057 0.004
C-BN-text 0.0681 0.041 0.0281 0.0222 0.0163 0.0112 0.0086 0.007
V-BN-text 0.0924 0.0501 0.0328 0.0287 0.0178 0.009 0.0067 0.0038
V-C-BN-text 0.054 0.037 0.0234 0.0189 0.014 0.0083 0.0067 0.0046

change vs. baseline +0.19% +0.21% +0.29% -0.01% +0.16% +0.18% +0.09% -0.03%

fever text-only 0.7589 0.5334 0.4449 0.2503 0.1718 0.155 0.0998 0.0722
C-BN-text 0.8994 0.6497 0.5861 0.3683 0.2582 0.2037 0.1579 0.1223
V-BN-text 1.0834 0.7634 0.6551 0.3741 0.2486 0.2152 0.1294 0.0905
V-C-BN-text 0.8151 0.5772 0.4998 0.2932 0.1965 0.1643 0.1076 0.0774

change vs. baseline +5.62% +4.38% +5.49% +4.29% +2.47% +0.93% +0.78% +0.52%

mean text-only 0.2849 0.193 0.1581 0.1027 0.0788 0.0639 0.0498 0.037
C-BN-text 0.3405 0.233 0.2139 0.1482 0.1115 0.0898 0.0751 0.058
V-BN-text 0.4007 0.2769 0.2389 0.1522 0.1109 0.0875 0.0642 0.0465
V-C-BN-text 0.3006 0.2075 0.1824 0.1211 0.0906 0.0735 0.0567 0.0422

change vs. baseline +1.57% +1.45% +2.43% +1.83% +1.18% +0.96% +0.69% +0.52%
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Table 7.16: Brier scores (⇊) for our models on the present, not mentioned
subset across various training sizes. The best model per training size and per
symptom is highlighted in bold. Cases where a model outperforms text-
only significantly are indicated by * (p < 0.05 in a one-sided Wilcoxon
signed-rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp text-only 0.8879 0.8893 0.8958 0.9192 0.8972 0.8517 0.8501 0.847
C-BN-text *0.7689 *0.7967 *0.7684 *0.804 *0.7996 *0.7884 *0.7733 *0.7704
V-BN-text *0.7117 *0.709 *0.7026 *0.7335 *0.7047 *0.6328 *0.6443 *0.6146
V-C-BN-text *0.7241 *0.7441 *0.7389 *0.7826 *0.7559 *0.7284 *0.7318 *0.7038

change vs. baseline -17.62% -18.03% -19.31% -18.57% -19.25% -21.89% -20.58% -23.24%

cough text-only 0.5749 0.642 0.6555 0.644 0.66 0.6452 0.6715 0.6648
C-BN-text *0.4496 *0.5267 *0.5064 *0.535 *0.56 *0.561 *0.5787 *0.5909
V-BN-text *0.4654 *0.5249 *0.5272 *0.5376 *0.5587 *0.544 *0.5533 *0.5292
V-C-BN-text *0.4714 *0.5556 *0.5518 *0.5751 *0.5946 *0.5921 *0.6008 *0.6111

change vs. baseline -12.53% -11.71% -14.91% -10.89% -10.13% -10.12% -11.81% -13.56%

pain text-only 0.7786 0.8574 0.8387 0.8591 0.8822 0.8734 0.8711 0.8674
C-BN-text *0.7251 *0.8035 *0.7825 *0.8102 *0.8236 *0.8236 *0.8206 *0.8178
V-BN-text 0.8285 0.8962 0.8896 0.9142 0.9304 0.922 0.9188 0.9092
V-C-BN-text *0.724 *0.8182 *0.8038 0.8442 *0.863 0.8695 0.8682 0.8679

change vs. baseline -5.46% -5.39% -5.62% -4.89% -5.86% -4.98% -5.05% -4.96%

nasal text-only 0.8839 0.9129 0.9198 0.9324 0.9298 0.899 0.9087 0.8948
C-BN-text *0.7955 *0.8495 *0.8482 *0.8553 *0.8609 *0.8463 *0.8503 *0.8434
V-BN-text *0.8381 *0.8655 *0.8625 *0.8741 *0.8785 *0.8297 *0.8262 *0.809
V-C-BN-text *0.8217 *0.8654 *0.8654 *0.8763 *0.8915 *0.8813 *0.8843 *0.885

change vs. baseline -8.84% -6.34% -7.15% -7.71% -6.89% -6.93% -8.25% -8.57%

fever text-only 1.6366 1.5965 1.5683 1.4084 1.39 1.3764 1.306 1.3218
C-BN-text *1.4653 *1.4837 *1.4503 1.3786 *1.3556 *1.3157 1.2763 *1.277
V-BN-text 1.7423 1.7089 1.701 1.5679 1.5602 1.5568 1.5109 1.5409
V-C-BN-text *1.511 *1.5258 *1.4959 1.4464 1.4325 1.3999 1.3855 1.4088

change vs. baseline -17.14% -11.28% -11.8% -2.98% -3.44% -6.07% -2.96% -4.48%

mean text-only 0.9524 0.9796 0.9756 0.9526 0.9518 0.9291 0.9215 0.9191
C-BN-text *0.8409 *0.892 *0.8712 *0.8766 *0.8799 *0.867 *0.8598 *0.8599
V-BN-text *0.9172 *0.9409 *0.9366 *0.9255 *0.9265 *0.8971 *0.8907 *0.8806
V-C-BN-text *0.8504 *0.9018 *0.8912 *0.9049 *0.9075 *0.8942 *0.8941 *0.8953

change vs. baseline -11.15% -8.76% -10.44% -7.6% -7.19% -6.21% -6.16% -5.92%
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Table 7.17: Brier scores (⇊) for our models on the not present, mentioned
subset across various training sizes. The best model per training size and per
symptom is highlighted in bold. Cases where a model outperforms text-
only significantly are indicated by * (p < 0.05 in a one-sided Wilcoxon
signed-rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp text-only 0.0358 0.028 0.0227 0.0188 0.0137 0.0135 0.0105 0.0053
C-BN-text *0.0339 *0.0253 *0.0215 0.0176 0.0134 *0.0124 0.0096 0.0057
V-BN-text *0.0302 *0.0243 *0.0211 *0.0167 0.0137 0.0134 0.0105 0.0076
V-C-BN-text 0.0352 *0.0258 *0.0213 0.0166 0.0128 *0.0105 *0.0076 0.005

change vs. baseline -0.56% -0.37% -0.16% -0.22% -0.09% -0.3% -0.28% -0.03%

cough text-only 0.0929 0.0792 0.0656 0.0612 0.0473 0.0393 0.0239 0.0222
C-BN-text *0.0819 *0.0725 0.0648 0.0571 0.044 0.0374 0.0253 0.0217
V-BN-text *0.0771 *0.0666 *0.0588 *0.0538 *0.0413 *0.0362 0.0241 0.0242
V-C-BN-text *0.0803 *0.064 *0.056 *0.0469 *0.0348 *0.0287 *0.0192 *0.0158

change vs. baseline -1.58% -1.52% -0.96% -1.43% -1.25% -1.05% -0.47% -0.64%

pain text-only 0.0293 0.032 0.0305 0.0275 0.0169 0.0127 0.0103 0.0066
C-BN-text *0.0246 *0.0253 *0.0208 *0.0184 *0.0134 *0.0107 0.0089 0.007
V-BN-text *0.0138 *0.0144 *0.0112 *0.009 *0.0055 *0.0043 *0.0035 *0.0025
V-C-BN-text *0.0264 *0.0258 *0.0203 *0.0145 *0.009 *0.0063 *0.0051 *0.0036

change vs. baseline -1.55% -1.76% -1.94% -1.85% -1.13% -0.84% -0.67% -0.41%

nasal text-only 0.0584 0.0587 0.0514 0.0371 0.0299 0.0247 0.0155 0.0141
C-BN-text *0.0517 *0.0528 *0.0445 *0.0336 *0.0269 *0.0215 *0.0144 *0.0129
V-BN-text *0.0317 *0.0323 *0.0281 *0.0222 *0.0186 *0.0172 *0.0123 *0.011
V-C-BN-text *0.0465 *0.043 *0.0354 *0.0268 *0.0197 *0.0144 *0.0099 *0.009

change vs. baseline -2.66% -2.63% -2.33% -1.49% -1.13% -1.03% -0.56% -0.52%

fever text-only 0.0929 0.1232 0.1025 0.1117 0.0691 0.0368 0.0318 0.019
C-BN-text *0.0728 *0.0821 *0.0697 *0.0678 *0.0467 *0.0307 *0.0244 0.0183
V-BN-text *0.0278 *0.0361 *0.0263 *0.0329 *0.0195 *0.01 *0.0086 *0.0057
V-C-BN-text *0.0724 *0.078 *0.0623 *0.0507 *0.0301 *0.0193 *0.0142 *0.0107

change vs. baseline -6.51% -8.71% -7.62% -7.88% -4.96% -2.68% -2.32% -1.34%

mean text-only 0.0619 0.0642 0.0545 0.0513 0.0354 0.0254 0.0184 0.0135
C-BN-text *0.053 *0.0516 *0.0443 *0.0389 *0.0289 *0.0225 *0.0165 0.0131
V-BN-text *0.0361 *0.0347 *0.0291 *0.0269 *0.0197 *0.0162 *0.0118 *0.0102
V-C-BN-text *0.0522 *0.0473 *0.0391 *0.0311 *0.0213 *0.0159 *0.0112 *0.0088

change vs. baseline -2.57% -2.95% -2.55% -2.43% -1.57% -0.95% -0.72% -0.47%
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Table 7.18: Brier scores (⇊) for our models on the not present, not men-
tioned subset across various training sizes. The best model per training size
and per symptom is highlighted in bold. Cases where a model outperforms
text-only significantly are indicated by * (p < 0.05 in a one-sided Wilcoxon
signed-rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp text-only 0.0107 0.0091 0.0061 0.0049 0.0042 0.0044 0.0047 0.0039
C-BN-text 0.0111 *0.0082 0.0061 0.0048 0.0042 *0.004 0.0042 0.0039
V-BN-text *0.0074 *0.0057 *0.0039 *0.003 *0.0027 *0.0028 *0.0031 *0.0034
V-C-BN-text 0.0101 *0.0073 *0.0049 *0.0038 *0.0033 *0.0027 *0.0031 *0.0032

change vs. baseline -0.33% -0.34% -0.22% -0.19% -0.14% -0.17% -0.16% -0.07%

cough text-only 0.0158 0.0085 0.0058 0.0054 0.0057 0.0074 0.0061 0.0093
C-BN-text 0.018 0.0106 0.0093 0.007 0.0065 0.0076 0.0068 0.0087
V-BN-text 0.0186 0.0121 0.0098 0.0075 0.0062 0.007 *0.0055 *0.0082
V-C-BN-text 0.0173 0.0097 0.0078 0.0057 0.005 *0.0053 *0.0045 *0.0058

change vs. baseline +0.15% +0.12% +0.2% +0.03% -0.07% -0.21% -0.16% -0.35%

pain text-only 0.021 0.0164 0.0147 0.0131 0.0097 0.0098 0.0094 0.0081
C-BN-text 0.0196 *0.015 *0.013 0.0106 0.0091 0.0089 0.0086 0.0082
V-BN-text *0.011 *0.0083 *0.0059 *0.0047 *0.0037 *0.0041 *0.0039 *0.0039
V-C-BN-text 0.0205 *0.0147 *0.0117 *0.0081 *0.0063 *0.0058 *0.0053 *0.0049

change vs. baseline -1.01% -0.81% -0.88% -0.84% -0.6% -0.57% -0.55% -0.42%

nasal text-only 0.0112 0.0086 0.0066 0.0044 0.0033 0.0053 0.0028 0.0027
C-BN-text 0.0118 0.009 0.0068 0.0049 0.0038 0.0051 0.0033 0.0031
V-BN-text *0.0083 *0.0068 0.006 0.0044 0.0034 0.0049 0.0038 0.0032
V-C-BN-text 0.0106 *0.0074 0.0056 0.004 0.0026 *0.0028 *0.0018 *0.0014

change vs. baseline -0.29% -0.18% -0.1% -0.04% -0.07% -0.25% -0.1% -0.13%

fever text-only 0.0289 0.0293 0.0265 0.0527 0.05 0.0388 0.0427 0.029
C-BN-text 0.0367 0.0271 0.0278 *0.0356 *0.0359 *0.0328 *0.0331 0.0276
V-BN-text *0.0096 *0.0088 *0.0072 *0.0163 *0.017 *0.0122 *0.0121 *0.0076
V-C-BN-text 0.0311 *0.0223 *0.0213 *0.0249 *0.0246 *0.0211 *0.0186 *0.0138

change vs. baseline -1.92% -2.05% -1.93% -3.64% -3.3% -2.66% -3.06% -2.15%

mean text-only 0.0175 0.0144 0.0119 0.0161 0.0146 0.0131 0.0131 0.0106
C-BN-text 0.0194 0.014 0.0126 *0.0126 *0.0119 *0.0117 0.0112 0.0103
V-BN-text *0.011 *0.0084 *0.0065 *0.0072 *0.0066 *0.0062 *0.0057 *0.0053
V-C-BN-text 0.0179 *0.0123 *0.0103 *0.0093 *0.0083 *0.0075 *0.0067 *0.0058

change vs. baseline -0.65% -0.6% -0.54% -0.89% -0.8% -0.7% -0.75% -0.53%

Table 7.19: The confidence of the text-only model, as measured by 1 - the
normalized Shannon entropy (7.9) on Xtest over 20 seeds.

Training size n

100 187 350 654 1223 2287 4278 8000

dysp text-only 0.7987 0.8466 0.8499 0.8794 0.8998 0.9025 0.9022 0.9237

cough text-only 0.6497 0.7263 0.7333 0.7833 0.8341 0.8637 0.8811 0.8914

pain text-only 0.6589 0.7571 0.7176 0.7494 0.7833 0.7898 0.8096 0.8279

nasal text-only 0.8164 0.872 0.876 0.8963 0.903 0.9058 0.9189 0.9243

fever text-only 0.6781 0.7484 0.7475 0.7855 0.8196 0.8534 0.8585 0.868
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Table 7.20: Average precision (⇈) for the predictions of our models over
the test set X ∗test containing manipulated text notes. The best model
per training size and per symptom is highlighted in bold. Cases where a
model outperforms text-only significantly are indicated by * (p < 0.05 in
a one-sided Wilcoxon signed-rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp text-only 0.8762 0.9068 0.9206 0.9342 0.943 0.9519 0.9552 0.961
C-BN-text *0.8891 *0.9122 *0.9245 *0.9366 *0.9455 0.9515 0.9551 0.9616
V-BN-text *0.8905 *0.9114 0.9204 *0.94 *0.948 *0.9553 *0.9587 *0.9643
V-C-BN-text *0.8915 *0.9172 *0.9278 *0.9404 *0.9478 *0.9555 *0.9592 *0.9645

change vs. baseline +1.53% +1.04% +0.72% +0.62% +0.5% +0.36% +0.41% +0.35%

cough text-only 0.825 0.8651 0.881 0.8992 0.9144 0.9251 0.9328 0.9345
C-BN-text *0.8515 *0.8847 *0.902 *0.9146 *0.9274 *0.9353 *0.9428 *0.9431
V-BN-text *0.8574 *0.8942 *0.9106 *0.9254 *0.938 *0.9451 *0.9519 *0.955
V-C-BN-text *0.8586 *0.8928 *0.9071 *0.9193 *0.9313 *0.9394 *0.9471 *0.95

change vs. baseline +3.35% +2.92% +2.97% +2.63% +2.36% +2.0% +1.91% +2.05%

pain text-only 0.5357 0.6195 0.6575 0.6946 0.722 0.7349 0.7422 0.7516
C-BN-text *0.5467 *0.6262 *0.669 *0.7031 *0.7285 *0.7404 *0.7493 *0.7595
V-BN-text 0.5176 0.6106 0.6567 *0.714 *0.7473 *0.764 *0.775 *0.7868
V-C-BN-text 0.538 0.6228 *0.6632 *0.7065 *0.737 *0.7528 *0.7613 *0.7723

change vs. baseline +1.1% +0.67% +1.15% +1.94% +2.53% +2.91% +3.27% +3.52%

nasal text-only 0.8788 0.8869 0.9013 0.9072 0.9117 0.9097 0.9101 0.9034
C-BN-text *0.9032 *0.9073 *0.9205 *0.927 *0.9308 *0.9263 *0.9288 *0.9238
V-BN-text *0.9057 *0.9116 *0.9229 *0.9307 *0.9369 *0.9371 *0.9388 *0.9337
V-C-BN-text *0.8986 *0.9052 *0.919 *0.9238 *0.9288 *0.928 *0.9296 *0.9231

change vs. baseline +2.69% +2.47% +2.16% +2.35% +2.52% +2.74% +2.87% +3.03%

fever text-only 0.6023 0.6524 0.6875 0.7361 0.7714 0.7909 0.8072 0.8161
C-BN-text 0.5975 *0.6562 *0.6943 *0.7424 *0.7761 *0.7981 *0.8132 *0.8243
V-BN-text 0.6047 *0.6782 *0.7202 *0.7746 *0.8086 *0.8269 *0.8439 *0.8543
V-C-BN-text 0.6034 *0.6671 *0.7044 *0.7572 *0.7915 *0.8104 *0.829 *0.839

change vs. baseline +0.23% +2.58% +3.27% +3.86% +3.72% +3.6% +3.67% +3.83%

mean text-only 0.7436 0.7861 0.8096 0.8342 0.8525 0.8625 0.8695 0.8733
C-BN-text *0.7576 *0.7973 *0.822 *0.8447 *0.8617 *0.8703 *0.8778 *0.8825
V-BN-text *0.7552 *0.8012 *0.8262 *0.857 *0.8758 *0.8857 *0.8937 *0.8988
V-C-BN-text *0.758 *0.801 *0.8243 *0.8495 *0.8673 *0.8772 *0.8853 *0.8898

change vs. baseline +1.44% +1.51% +1.66% +2.27% +2.32% +2.32% +2.42% +2.55%
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Table 7.21: Brier scores (⇊) for the predictions of our models over the
test set X ∗test containing manipulated text notes. The best model per
training size and per symptom is highlighted in bold. Cases where a model
outperforms text-only significantly are indicated by * (p < 0.05 in a one-
sided Wilcoxon signed-rank test over 20 seeds).

Training size n

100 187 350 654 1223 2287 4278 8000

dysp text-only 0.062 0.051 0.0452 0.0419 0.0377 0.0337 0.032 0.028
C-BN-text 0.063 *0.0497 *0.0443 *0.0401 *0.0365 *0.0326 *0.031 *0.0275
V-BN-text 0.0606 *0.0492 0.0441 0.0406 0.0373 0.0336 0.0326 0.0305
V-C-BN-text *0.058 *0.0469 *0.0419 *0.038 *0.0349 *0.0312 *0.0296 0.0274

change vs. baseline -0.4% -0.41% -0.34% -0.39% -0.28% -0.25% -0.24% -0.05%

cough text-only 0.137 0.1212 0.1141 0.105 0.0973 0.0889 0.087 0.0847
C-BN-text *0.12 *0.1084 *0.0992 *0.094 *0.0872 *0.081 *0.0786 *0.0778
V-BN-text *0.1213 *0.1039 *0.0958 *0.0886 *0.0818 *0.0754 *0.0721 *0.0694
V-C-BN-text *0.1173 *0.105 *0.0965 *0.091 *0.0838 *0.0783 *0.0756 *0.0743

change vs. baseline -1.97% -1.73% -1.82% -1.64% -1.55% -1.35% -1.49% -1.53%

pain text-only 0.0955 0.0879 0.0793 0.0753 0.0698 0.0665 0.0657 0.0621
C-BN-text 0.0982 0.0867 0.082 0.0754 0.0703 0.0679 0.0662 0.0628
V-BN-text 0.1043 0.0933 0.0869 0.0773 0.0733 0.0694 0.067 0.0639
V-C-BN-text 0.0949 *0.0853 0.0789 *0.072 0.0683 0.0661 0.0641 0.0618

change vs. baseline -0.05% -0.26% -0.04% -0.33% -0.15% -0.04% -0.16% -0.03%

nasal text-only 0.0905 0.0847 0.0767 0.0751 0.0708 0.0682 0.0677 0.0688
C-BN-text *0.0869 *0.0817 *0.0737 *0.0713 *0.0678 *0.0657 *0.065 *0.0661
V-BN-text 0.0915 0.0832 0.0761 0.0758 0.0712 0.0679 0.0673 *0.0668
V-C-BN-text *0.0834 *0.0798 *0.0727 *0.071 *0.069 0.068 0.0683 0.0694

change vs. baseline -0.71% -0.48% -0.4% -0.42% -0.3% -0.24% -0.27% -0.27%

fever text-only 0.3071 0.2887 0.2695 0.2613 0.2388 0.2231 0.2134 0.2041
C-BN-text 0.3029 *0.2743 *0.2612 *0.2401 *0.2222 *0.2102 *0.2012 *0.196
V-BN-text 0.3233 0.2878 0.2736 *0.2437 *0.2251 0.2171 0.2051 0.2036
V-C-BN-text *0.294 *0.2671 *0.2515 *0.2306 *0.2131 *0.2034 *0.1949 *0.1929

change vs. baseline -1.31% -2.16% -1.8% -3.07% -2.57% -1.97% -1.85% -1.12%

mean text-only 0.1384 0.1267 0.117 0.1117 0.1028 0.0961 0.0932 0.0895
C-BN-text *0.1342 *0.1202 *0.1121 *0.1042 *0.0968 *0.0915 *0.0884 *0.0861
V-BN-text 0.1402 *0.1235 *0.1153 *0.1052 *0.0977 *0.0927 *0.0888 *0.0868
V-C-BN-text *0.1295 *0.1168 *0.1083 *0.1005 *0.0938 *0.0894 *0.0865 *0.0852

change vs. baseline -0.89% -0.99% -0.87% -1.12% -0.9% -0.67% -0.67% -0.44%
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8
Modeling Clinical Uncertainty in
Radiology Reports: from Explicit
Uncertainty Markers to Implicit

Reasoning Pathways

This chapter addresses the challenge of modeling both implicit and explicit
uncertainty in clinical text. Instead of requiring experts to specify a complete
Bayesian network, we relax the requirements and ask them to define diagnos-
tic pathways: deterministic, top-down relations from differential diagnoses
to significant findings. We illustrate how these pathways allow us to handle
implicit uncertainty in clinical reports, filling in gaps when clinicians omit
parts of their reasoning. To capture explicit uncertainty, we analyze the lan-
guage used in clinical reports to quantify the confidence expressed for each
finding. By combining these approaches, we extract structured, uncertainty-
aware information from unstructured text. We illustrate our methods on
radiology reports, where both implicit and explicit uncertainty are common
and critical for understanding the reporting clinician’s reasoning.

* * *

Paloma Rabaey∗, Jong Hak Moon∗, Jung-Oh Lee, Min Gwan Kim,
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Abstract
Radiology reports are invaluable for clinical decision-making and hold great
potential for automated analysis when structured into machine-readable for-
mats. These reports often contain uncertainty, which we categorize into two
distinct types: (i) Explicit uncertainty reflects doubt about the presence
or absence of findings, conveyed through hedging phrases. These vary in
meaning depending on the context, making rule-based systems insufficient
to quantify the level of uncertainty for specific findings; (ii) Implicit uncer-
tainty arises when radiologists omit parts of their reasoning, recording only
key findings or diagnoses. Here, it is often unclear whether omitted find-
ings are truly absent or simply unmentioned for brevity. We address these
challenges with a two-part framework. We quantify explicit uncertainty
by creating an expert-validated, LLM-based reference ranking of common
hedging phrases, and mapping each finding to a probability value based on
this reference. In addition, we model implicit uncertainty through an expan-
sion framework that systematically adds characteristic sub-findings derived
from expert-defined diagnostic pathways for 14 common diagnoses. Using
these methods, we release Lunguage++, an expanded, uncertainty-aware
version of the Lunguage benchmark of fine-grained structured radiology
reports. This enriched resource enables uncertainty-aware image classifica-
tion, faithful diagnostic reasoning, and new investigations into the clinical
impact of diagnostic uncertainty.

8.1 Motivation and related work
Radiology reports play a central role in clinical decision-making, serving as
the primary medium through which radiologists communicate their inter-
pretations and diagnostic impressions to referring physicians. These reports
influence downstream diagnostic reasoning, and often determine treatment
trajectories. As AI models have been increasingly used for both automated
radiology report interpretation and generation, structuring frameworks have
been developed to convert free-text reports into machine-readable formats
that can be used for training and evaluation [Moon et al., 2025, Wu et al.,
2021a, Jain et al., 2021b, Khanna et al., 2023]. A key challenge that needs
to be addressed is that radiology reports inherently contain uncer-
tainty. This uncertainty arises in two distinct forms: explicit uncertainty,
expressed directly through the language radiologists use to qualify their
findings or diagnoses [Bruno et al., 2017, Hobby et al., 2000], and implicit
uncertainty, which emerges from the selective and often incomplete nature
of what is recorded in the report [Turner et al., 2021]. Figure 8.1 shows
how these two forms of uncertainty appear in Chest X-Ray (CXR) reports,
which are especially prone to contain uncertainty [Callen et al., 2020, Irvin
et al., 2019].
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Hedging phrases convey
explicit uncertainty
about presence or

absence of findings.

Implicit uncertainty 
arises due to the 

omission of findings 
which are part of 

diagnostic reasoning.

Expert-defined
diagnostic pathway

pneumonia

opacity fever Lunguage++

possible early developing

right middle lobe pneumonia.

the lungs again are

hyperinflated suggesting

underlying emphysema.

CXR Report

Structured CXR Report
Finding Attribute(s) Certainty Status Probability

pneumonia location: right
middle lobe tentative - 0.45

lungs measurement:
hyperinflated definitive positive 1.00

emphysema - tentative - 0.62

opacity - tentative - 0.45

fever - tentative - 0.45

Lunguage Lunguage++

Figure 8.1: Two types of uncertainty in radiology reports that we
address during structuring, expanding the Lunguage dataset of structured
CXR reports to form Lunguage++. Explicit uncertainty is conveyed by
hedging phrases that indicate tentative findings, whose (un)certainty we
quantify with probabilities. Implicit uncertainty stems from findings that
are not explicitly mentioned; we mitigate this by applying expert-defined
diagnostic pathways to expand stated diagnoses with their characteristic
sub-findings.

Explicit uncertainty arises when radiologists convey doubt about
the presence or absence of a finding or diagnosis, typically through
hedging phrases such as “probably”, “possible”, “suggesting”, or “may rep-
resent”, among many others. Prior work examining these expressions has
highlighted their prevalence, revealing the mention of uncertain diagnoses in
a high proportion of CXR reports [Irvin et al., 2019, Moon et al., 2025]. The
use of hedging in radiology reports is deliberate and meaningful: it enables
radiologists to communicate diagnostic uncertainty that is crucial for ap-
propriate clinical interpretation and decision-making [Reiner, 2018, Bruno
et al., 2017]. Automated systems should similarly be designed to recognize
and account for this uncertainty, just as human readers of radiology reports
are trained to do.

Previous work has extracted uncertainty using rule-based systems [Irvin
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et al., 2019, Johnson et al., 2019a, Zhang et al., 2023] in ternary classifica-
tion settings (positive / uncertain / negative). These approaches are limited
in scope, using predefined vocabularies of hedging phrases that trigger an
uncertain label when detected in the report. In this work, we go beyond
discrete labeling by quantifying uncertainty as a continuous proba-
bility between 0 and 1, taking into account the specific hedging phrases
and their sentence-level context (see Figure 8.1). Earlier attempts to as-
sign probabilistic meanings to hedging expressions have typically relied on
human judgments, asking experts to rate phrases or position them along
a scale of certainty [Hobby et al., 2000, Shinagare et al., 2019]. However,
these approaches proved unreliable, as the interpretation of hedging varies
widely across radiologists. To address this, we introduce an automated
approach that estimates the probability of a finding by leveraging LLMs
to perform pairwise comparisons of uncertainty expressions, constructing a
relative ranking that is then mapped to a continuous probability.

Beyond overt language, reports also embody a subtler form of implicit
uncertainty that has received little systematic attention. Radiologists fre-
quently omit portions of their diagnostic reasoning, documenting
only key findings or final impressions to maintain conciseness and en-
sure that the main message is easily understood by the reader [Lee et al.,
2013]. For example, a report may state “congestive heart failure” without
mentioning sub-findings that are commonly associated with the condition,
such as “consolidation” or “cardiomegaly”. Consequently, it is often unclear
whether unmentioned findings are truly absent or simply unrecorded, even
though knowing this distinction is crucial, since misinterpreting unrecorded
evidence as true absence can systematically bias the data and distort the
inferred diagnostic reasoning [Gärtner et al., 2020, Lee et al., 2013, Gun-
derman, 2009, Berlin, 2000].

In other words, implicit uncertainty does not stem from linguistic am-
biguity, but from the selective and incomplete nature of clinical reporting
[Turner et al., 2021] – what evidence is stated, abstracted, or left unstated
within the report. Disentangling these possibilities requires contextual un-
derstanding of diagnostic logic and domain expertise, making implicit uncer-
tainty difficult to model and largely unaddressed in prior research. Under-
standing and modeling these uncertainties is not only critical for structuring
radiology reports but also for developing AI systems that faithfully capture
the reasoning process of radiologists. By explicitly representing both what
is uncertain and what is implied, such structured resources enable more
reliable training and evaluation of medical AI models in uncertainty-aware
report generation and interpretation.

To address this gap, we aim to fill in the missing findings that are not
explicitly mentioned but are implied by the stated diagnoses when struc-
turing radiology reports, as is shown in Figure 8.1. We construct expert-
defined diagnostic pathways for 14 common CXR conditions, cap-
turing characteristic sub-findings typically observed with high likelihood
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(>80%). These pathways are then used to enrich the original reports by
deterministically adding sub-findings that support explicitly mentioned di-
agnoses, with diagnostic certainty (derived from our explicit uncertainty ex-
traction pipeline) propagated to each added finding. This approach results
in expanded structured reports that more accurately reflect the radiologist’s
underlying reasoning.

In summary, our contributions are as follows:
• Quantifying explicit uncertainty: We introduce a comprehensive

framework to estimate the probability of findings in radiology reports,
taking into account hedging phrases and their sentence-level context.
As part of this framework, we publish an expert-validated reference
ranking of common hedging phrases.

• Addressing implicit uncertainty: We present the first framework
to model implicit uncertainty in radiology reports by releasing diag-
nostic pathways for 14 common CXR diagnoses and integrating them
into a rule-based framework. This framework reconstructs omitted
diagnostic evidence by inferring the sub-findings that support each
diagnosis.

• Releasing Lunguage++, which extends the Lunguage dataset of
structured radiology reports [Moon et al., 2025] by incorporating our
techniques for capturing explicit and implicit uncertainty.

Code can be found at our Github repository1, while Lunguage++ and
related resources will be made available via Physionet.

8.2 Lunguage dataset
We demonstrate our methods on the Lunguage dataset [Moon et al., 2025],
a benchmark dataset containing 1,473 annotated CXR reports from the
MIMIC-CXR dataset [Johnson et al., 2019b]. Each report has been struc-
tured into fine-grained (finding, relation, attribute) triplets, where findings
represent core clinical concepts (e.g. “opacity”, “pneumonia”), and relations
specify their contextual links (e.g., “location”, “severity”) with correspond-
ing attributes (e.g., “right lower lobe”, “moderate”). We use the Lunguage
dataset because of its extensive granularity in the included findings, rela-
tions and attribute types. Furthermore, each annotated finding includes a
binary label (tentative and definitive) quantifying the confidence expressed
by the radiologist – hedging phrases (e.g., “suggests”, “cannot exclude”) lead
to a tentative label, while findings that lack such phrases are labeled defini-
tive.

In this work, we represent each report R as a structured set of nR
findings extracted from mR sentences:

R = ({(fi, si, ci, ai)}nR
i=1, {tj}

mR
j=1), (8.1)

1github.com/prabaey/lunguage_uncertainty

https://github.com/prabaey/lunguage_uncertainty
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8.3.1. Extracting a vocabulary of 42 common hedging phrases

Lunguage
(structured

MIMIC-CXR
reports)

possible early developing 

right middle lobe pneumonia

finding

Prompt: "Extract the phrases in the sentence
that express uncertainty about the given finding."

2066 finding-sentence pairs
with tentative certainty

possible

possible
{"possible early developing right

middle lobe pneumonia.",..., "patient

had mild pulmonary edema and possible

atelectasis."}

suggesting {"lungs are hyperinflated suggesting

the presence of copd.",..., "findings

suggesting vascular congestion,

seemingly improved."}

...

8.3.2. Building a reference ranking of hedging phrases

vs.

lungs are hyperinflated

suggesting present <finding>suggesting

possible early developing 

right middle lobe <finding>

possible

Prompt: 
"Which of the
two phrases
indicates that
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more certainly
present?"

Repeat 10 times for each pair of hedging
phrases in the vocabulary (861 pairs), with

randomly selected example sentences.

possible... ... suggesting... ...

possible... ... likely... ...

appears... ... if any... ...

... ...

Use the pairwise
comparisons to

determine relative
scores , building a
reference ranking of

hedging phrases.

Reference

Vocabulary

Most likely

Appears to be

If any

Less likely

Suggesting

1.
2.

41.
42.

14.

0.84

0.17

...
...

Finding
almost
certainly
present

Finding
almost
certainly
absent8.3.4. Map to probability scale by transforming

score  into probability  with a sigmoid
transformation, anchored by radiologist knowledge.

...<finding> may... appears... ...

8.3.3. Ranking each finding-sentence pair based on reference

...<finding> may... if any... ...

...<finding> may... suggesting... ...

... ...

Fit a sentence into the
reference ranking by
iteratively comparing

against hedging phrases
with similar .

the <finding> may be hyperinflated

Figure 8.2: Strategy for assigning probabilities to finding-sentence
pairs with tentative certainty in the Lunguage dataset: We first
build a vocabulary of common hedging phrases and the sentences in which
these are used (Section 8.3.1). Next, we leverage LLMs to construct a refer-
ence ranking of these phrases, by performing pairwise comparisons of exam-
ples sentences (Section 8.3.2). Each finding-sentence pair is then compared
against this reference (Section 8.3.3) and is finally mapped to a probabil-
ity (Section 8.3.4). This approach ensures that the probability assigned to
each finding reflects not only the hedging phrase itself but also the broader
context in which it appears.

Here, tj denotes the textual form of each sentence, fi indicates the finding,
si indicates the status (positive if the finding is present and negative if
it is absent), ci indicates the certainty (definitive or tentative), and ai
represents the attributes (e.g., location, morphology) associated with each
finding. In Lunguage, there are 14,049 such structured findings. In our
study, we exclude sentences from the history section of the reports, as this
section primarily contains information about patient symptoms or prior
clinical records, whereas our analysis focuses on the findings and impression
sections that convey diagnostic observations and reasoning.

8.3 Explicit uncertainty
We assume we have a report R, where the sentence tj expresses some uncer-
tainty about finding fi, in other words ci = tentative. Across all reports in
Lunguage, this leaves us with a subset of 2,066 tentative finding-sentence
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pairs. Our goal is to quantify this uncertainty by assigning a probability pi
between 0 (finding certainly absent) and 1 (finding certainly present). In
the remainder of this section, we ignore the explicit status si, as the target
probability pi inherently captures the presence or absence of the finding.
Furthermore, we disregard all findings where ci = definitive, as there is no
uncertainty in this case. From this point onward, a sentence refers to the
complete text tj , which contains a target finding fi (e.g. “pneumonia”) and
one or more corresponding (hedging) phrase(s) (e.g., “possible”), expressing
the degree of uncertainty associated with fi.

Previous attempts to map hedging phrases to probabilities relied on
expert ratings of individual phrases, an approach shown to be unreliable
due to inconsistency across experts [Hobby et al., 2000, Shinagare et al.,
2019]. Furthermore, the context of the sentence beyond individual phrases
should be taken into account: “probably pneumonia” conveys a different
certainty than “probably pneumonia given patient history”, even though
both use the phrase “probably”. To address these limitations, we adopt
a different strategy, which relies on LLMs to perform in-context pairwise
comparisons between sentences conveying uncertainty. An overview of our
framework is shown in Figure 8.2. We now describe each step of the process
in detail. Additional details can be found in Appendix 8.7.1.

8.3.1 Extracting a vocabulary of common hedging
phrases

For each finding-sentence pair, we automatically extract the hedging phrases
that convey uncertainty about the finding fi. We do this by prompting
Gemini [Comanici et al., 2025]. The main part of the prompt is shown
in Listing 8.1, while the full prompt contains a system message, ten in-
context examples and additional instructions (see Appendix 8.7.1.1). The
prompt specifies the finding fi to avoid extraction of hedging phrases from
the sentence which have nothing to do with that particular finding. We
include in our vocabulary all hedging phrases that were extracted ten times
or more, resulting in a vocabulary of 42 hedging phrases. Each phrase is
associated with a list of finding-sentence pairs where it was extracted. The
five most common extracted hedging phrases include or (373 times), likely
(239 times), may (215 times), suggesting (74 times), and cannot be excluded
(71 times); the full vocabulary is found in Appendix 8.7.1.1.

Listing 8.1: Prompt for hedging phrase extraction
Your task is to identify and extract only the words or phrases in the sentence that

express uncertainty specifically about the given finding.
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8.3.2 Building a reference ranking of hedging phrases
We construct a reference ranking of the 42 common hedging phrases, where
the top rank corresponds to a probability near 1 and the bottom rank near
0.

TrueSkill We draw inspiration from ranking systems in competitive gam-
ing, where player skill is inferred from the outcomes of matches. Specifically,
we employ the TrueSkill algorithm [Herbrich et al., 2006], a Bayesian rating
system that updates each item’s mean skill level µ and confidence σ based
on pairwise comparisons with other items. This way, TrueSkill efficiently
infers a global ranking that reflects the relative skill level µ of each item. In
our case, the items are hedging phrases.

LLM as a judge To obtain a reliable and well-calibrated ranking, a large
number of pairwise comparisons between phrases is required. We there-
fore leverage LLMs to perform these comparisons automatically, employing
three general-purpose LLMs (Gemini [Comanici et al., 2025], GPT-4o [Hurst
et al., 2024], and Claude [Anthropic, 2025]) and one domain-specific medi-
cal LLM (MedGemma [Sellergren et al., 2025]).2 Since the preferred phrase
can vary depending on the sentence context, we conduct ten comparisons
for each pair of the 42 hedging phrases, where in each comparison, we ran-
domly sample a sentence in which the phrase occurs. We ask each LLM
to identify which phrase conveys greater certainty about the presence of a
finding, ensuring that such phrases will eventually receive a higher µ. The
main portion of the prompt is shown in Listing 8.2; the complete prompt
additionally includes a system instruction, detailed task description, and
three in-context examples (Appendix 8.7.1.2). To ensure a more neutral
comparison, the referenced finding fi within each sentence is masked as
<finding>.

Listing 8.2: Prompt for hedging phrase comparison
You will be given two sentences from radiology reports. Each sentence contains a

placeholder <finding>, which represents a medical observation. Your task is to
identify which sentence expresses a higher degree of certainty that the finding is
present.

This procedure yields 4× 8610 pairwise comparisons, each treated as an
independent comparison by the TrueSkill algorithm. We execute TrueSkill
10 times with different random seeds that affect the order of matches, and
then average the resulting µ values across runs. The final averaged scores
produce a stable reference ranking of hedging phrases, which is shown in
Figure 8.3. Appendix 8.7.1.2 assesses the robustness of this reference rank-
ing and explores inter-LLM agreement across the set of comparisons.

2To deal with the sensitive nature of the reports in Lunguage we (i) ran a HIPAA-
compliant GPT-4o model provided by Azure, (ii) revoked data retention rights for Gemini
and Claude, and (iii) ran MedGemma locally.
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Figure 8.3: Reference ranking of the 42 common hedging phrases
in our vocabulary. The mean skill level µ for each phrase is shown on
the right, with the confidence σ represented by the error bars. Phrases at
the top of the ranking correspond to a high likelihood that the finding is
present, while phrases at the bottom correspond to a high likelihood that
the finding is absent.
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Table 8.1: Expert agreement with the reference ranking and indi-
vidual LLMs. We define agreement as the proportion of the 50 phrase
pairs where expert and model judgments are concordant. GP = General
Practitioner.

Expert Ref. Gemini GPT-4o Claude MedGem.

Radiologist 0.80 0.80 0.82 0.72 0.84
Radiologist 0.80 0.76 0.82 0.76 0.80
Internist 0.86 0.86 0.88 0.82 0.90
Oncologist 0.72 0.68 0.74 0.76 0.72
GP 0.66 0.70 0.68 0.66 0.62
GP 0.82 0.82 0.84 0.78 0.82

Average 0.78 0.77 0.80 0.75 0.77

Expert evaluation To validate the final reference ranking, we conducted
an expert evaluation study. We recruited two expert writers (radiologists)
and four expert readers (internist, oncologist, and two general practition-
ers). Each participant was presented with 50 pairs of hedging phrases, with
five example sentences per phrase, all randomly sampled from our vocab-
ulary. Participants were asked to select the phrase that conveyed a higher
degree of certainty that the finding was present. All participants evaluated
the same set of 50 phrase pairs. See Appendix 8.7.1.2 for additional details.

Table 8.1 presents the agreement between each expert and the reference
ranking. Agreement is defined as the proportion of phrase pairs (out of
50) for which the expert’s relative ordering of the two phrases matches that
of the reference. In addition, we assess the agreement between each expert
and each LLM. Since each LLM evaluated every phrase pair ten times using
different example sentences, we first derive a consensus decision for each pair
through majority voting, resolving ties at random.

We see that the experts agree well with both the reference ranking and
the individual LLMs. Furthermore, the inter-expert Fleiss’ κ is 0.72, in-
dicating substantial agreement between experts. Among individual LLMs,
GPT-4o shows the highest agreement with the experts, while Claude shows
the lowest. Despite Claude’s lower agreement on this limited subset of 50
pairs, we retain all LLMs in the reference ranking, to leverage the diver-
sity of judgments across models, thereby improving the robustness of the
TrueSkill-based ranking. Moreover, the expert evaluation covers only a
small fraction of the full dataset and uses a different evaluation protocol
than the sentence-level LLM comparisons, so occasional disagreements by a
single LLM are not sufficient reason for exclusion.
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8.3.3 Ranking each finding-sentence pair based on the
reference ranking

With the reference ranking established, we fit each of the 2,066 tentative
finding-sentence pairs from the Lunguage dataset into it. Note that we
cannot simply use the hedging phrases extracted from the sentence to as-
sign a rank directly, because (i) some phrases are too rare to appear in
the reference vocabulary, and (ii) the context in which a phrase occurs can
significantly alter its implied certainty. Here, we once again draw inspira-
tion from competitive gaming: when a new player enters a game, TrueSkill
quickly estimates their rank by identifying existing players with similar skill
levels µ. This is done by selecting opponents with the highest draw prob-
ability, iteratively playing those games, and updating the skill level of the
new player based on the outcome of each game [Herbrich et al., 2006].

To fit a finding–sentence pair into the reference ranking, we initialize
the target sentence’s parameter µ to the default value of 25 and compute
its draw probability against all opponent phrases in the reference ranking.
The phrase with the highest draw probability is selected, and a correspond-
ing sentence is randomly sampled from the vocabulary. Using the prompt
from Listing 8.2, the target and opponent sentence are compared. During
the first K iterations, all four LLMs perform the comparison; thereafter,
one LLM is selected at random to reduce cost. Based on the outcome, the
TrueSkill algorithm updates µ for the target sentence. Draw probabilities
are then recomputed, and the next opponent is selected accordingly, with
each opponent limited to N comparisons. The procedure terminates once
the target sentence’s rank remains stable for ten consecutive steps, or af-
ter 100 iterations, whichever occurs first. Through hyperparameter tuning,
we select K = 10 and N = 5. Applying our algorithm to the 2,066 ten-
tative finding-sentence pairs in Lunguage incurred a total cost of $92.16,
averaging $0.045/pair. The full algorithm, including experiments to vali-
date our opponent selection strategy using draw probability, can be found
in Appendix 8.7.1.3.

8.3.4 Map to probability scale
In the final step, we map the TrueSkill score µ, which determines the posi-
tion of each finding-sentence pair in the ranking, to a probability p ∈ [0, 1].
This transformation is achieved using the sigmoid function p = 1/(1 +
e−α(µ−µ0)), where α ≥ 0 controls the steepness of the curve and µ0 is the
inflection point corresponding to a probability of 0.5.

We determine α and µ0 using two anchor points: the desired probability
pbottom for the phrase less likely (lowest-ranked, µ = 7.07), and ptop for the
phrase most likely (highest-ranked, µ = 43.44). To obtain these anchors,
two radiologists independently reviewed ten example sentences per phrase
and assigned a probability between 0 (“certainly absent”) and 1 (“certainly
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present”); see Appendix 8.7.1.4 for full instructions. Averaged across radi-
ologists and examples, the resulting values were pbottom = 0.170 (95% CI:
[0.156, 0.185]) and ptop = 0.839 (95% CI: [0.818, 0.860]). These anchors yield
α = 0.089 and µ0 = 24.89.

After applying this mapping, the average probability for the 2,066 ten-
tative finding-sentence pairs in Lunguage is 0.459, with a standard devi-
ation of 0.185, a maximum of 0.892, and a minimum of 0.102. Table 8.2
summarizes statistics for common CXR findings in the Lunguage dataset.
For each finding, we report proportions of positive and negative cases with
definitive certainty, and the mean, standard deviation, minimum, and max-
imum probability for cases with tentative certainty.

8.4 Implicit uncertainty
Radiology reports often encode diagnostic reasoning implicitly [Gunderman,
2009, Lee et al., 2013, Berlin, 2000, Gärtner et al., 2020], documenting high-
level diagnoses while omitting intermediate supporting findings. Although
such abstraction enhances efficiency, it introduces ambiguity arising from
unmentioned findings. To resolve this, we propose a Pathway Expansion
Framework that reconstructs omitted diagnostic evidence by systemat-
ically expanding structured findings along predefined diagnostic path-
ways. This framework yields Lunguage++, an expanded version of Lun-
guage, integrating explicit and implicit reasoning into a unified structured
representation (Figure 8.4).

8.4.1 Diagnostic Pathway Construction
We formalize radiologists’ implicit diagnostic reasoning into explicit, machine-
friendly formats that describe how each diagnosis decomposes into its char-
acteristic radiographic findings. To preserve interpretability and clinical
fidelity, we established three principles through expert consensus. (i) Ex-
clusive mutual independence ensures that each pathway differs from
others by at least one defining piece of evidence. (ii) Specificity ensures
that observations directly contributing to diagnostic differentiation are in-
cluded, emphasizing findings that are concrete and fine-grained. (iii) High-
certainty features retain only clinically consistent and reliable findings to
minimize ambiguity and preserve clarity. Pathways were then constructed
through a two-stage expert-in-the-loop process grounded in these principles.
A radiologist and an AI researcher first defined subfindings for 14 common
CXR diagnoses, referencing established radiological interpretation principles
[Goodman, 2014, Webb and Higgins, 2011] to identify diagnostic criteria,
imaging patterns, and hierarchical relations among findings. These prelim-
inary pathways were subsequently reviewed and refined through consensus
by another radiologist and an oncologist.
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Pathways are represented as Directed Acyclic Graphs (DAGs) [Pearl,
2009], capturing how higher-level diagnoses require lower-level manifesta-
tions within hierarchical reasoning. An example of a DAG corresponding
to (part of) the diagnostic pathways for congestive heart failure (CHF ),
pulmonary edema, pleural effusion, and cardiomegaly is shown in Figure
8.4. Each node corresponds to an observable finding, and directed edges
(u, v) represent diagnostic relations ppath(v|u) established through radiolo-
gist consensus, indicating that the sub-finding v is typically observed when
its parent u is present, with likelihood greater than 0.8. This top-down
structure models the cascading sequence of radiographic evidence that un-
derlies diagnostic inference. Distinct pathways are defined for each diagnosis
and further refined by imaging view and patient position, since these factors
influence the findings one expects to observe. Table 8.3 reports statistical
summaries of the diagnostic pathways, while the full set of pathways is
provided in Appendix 8.7.2.1 and on our Github repository.

8.4.2 Pathway Expansion Framework
Building upon the diagnostic pathways, we design a Pathway Expansion
Framework that implements the top-down reasoning process of radiologi-
cal interpretation to fill in missing sub-findings. Given structured findings
from Lunguage [Moon et al., 2025], the framework reconstructs omitted
intermediate findings by expanding each diagnosis along its predefined diag-
nostic pathway, following the recursive procedure detailed in Algorithm 1.
It consists of four stages, each of which ensure that reconstructed structures
remain clinically faithful and logically consistent.

1. Finding Deduplication To ensure that subsequent reasoning op-
erates on a consistent and non-redundant set of findings, overlapping or
synonymous mentions referring to the same diagnostic concept at the same
location (e.g., “opacity in the basal segment of the lung” and “lung base opac-
ity”) are identified and merged within each report. Pairwise cosine similarity
is computed between clinical embeddings (BioLORD [Remy et al., 2024])
of all report findings, where each finding is linearized into a phrase combin-
ing its “entity, location, attributes” following the LunguageScore [Moon
et al., 2025] formulation. Pairs exceeding a similarity threshold of 0.9 are
merged into a single finding, while manually defined blacklist pairs (e.g., left
vs. right) are excluded to prevent erroneous merges of semantically distinct
findings. This precision-oriented threshold and manual blacklist correction
minimize erroneous merges while ensuring that each finding is represented
only once before expansion. The detailed blacklist pairs are provided in
Appendix 8.7.2.2.

2. Pathway Matching After deduplication, the framework aligns each
finding in Lunguage with its most appropriate diagnostic pathway (Sec-

https://github.com/prabaey/lunguage_uncertainty/blob/main/data_resources/dx_pathway.csv
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Algorithm 1 Recursive Finding Expansion
Input: Parent node fi in pathway P with si, ci, pi, ai

Output: Set E of all sub-findings expanded to leaf nodes
1: function Expand(fi, si, ci, pi, ai,P)
2: E ← ∅
3: if si ̸= positive then
4: return ∅ // Expand only positive findings

5: end if
6: for fj where (fi, fj) ∈ P do // For each child fj in P
7: (sj , cj , pj)← (si, ci, pi) // Inherit fi properties to fj

8: if pathway (fi→fj) defines refinements then
9: aj ← ai ∪ attributes specified for fj

10: else
11: aj ← ai // Inherit as-is

12: end if
13: // Add expanded child fj to E
14: E ← E ∪ {(fj , sj , cj , pj , aj)}
15: if HasChildren(fj ,P) then // recurse for fj

16: E ← E ∪ Expand(fj , sj , cj , pj , aj ,P)
17: end if
18: end for
19: return E
20: end function

tion 8.4.1) through a sequential process based on its finding, location, at-
tributes, and imaging view. All terms are first normalized using the Lun-
guage vocabulary to ensure consistent terminology. The process begins
with finding-level matching, which identifies the core diagnostic concept but
may yield ambiguous interpretations. For instance, “fracture” can denote
either a medical device fracture (e.g., pacemaker lead) or a thoracic skele-
tal fracture (e.g., rib, spine). Such ambiguity is resolved through location
matching, which determines whether the finding pertains to an anatomi-
cal structure within the thorax or not, thereby selecting the appropriate
pathway (e.g., device vs. skeletal fracture). Subsequently, attribute match-
ing refines the alignment by specifying diagnostic stages such as “acute”,
“chronic”, or “healed”. Finally, imaging view and patient orientation (e.g.,
“PA, erect”) define the view-specific pathway variant, ensuring that inferred
findings remain anatomically observable within the imaging context. For
the detailed process, see Appendix 8.7.2.2.

3. Pathway Expansion Building on the matched diagnostic pathways,
the framework recursively expands structured findings in Lunguage by in-
ferring omitted sub-findings through parent–child relations defined in each
pathway (Algorithm 1). The expansion begins with a parent finding fi,
which corresponds to one of the 14 diagnoses in the diagnostic pathways
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P. Each finding is represented by its diagnostic status si (positive or nega-
tive), certainty ci (definite or tentative), probability pi (quantified in Section
8.3), and attributes ai (e.g., location, morphology). During expansion, ev-
ery child node in P inherits all diagnostic properties from its parent—si,
ci, pi, and ai—ensuring that each descendant finding reflects its parent’s
context. For example, if fi is labeled as positive, tentative with pi = 0.6,
all inferred sub-findings inherit the same label and probability. However,
findings with si = negative are not expanded (line 3 in Algorithm 1), since
the pathway P is not reversible; for instance, “no pneumonia” does not im-
ply “no opacity.” This inheritance (lines 7–11) reflects the propagation of
diagnostic properties and the pathway-specific modification of attributes.
Comprehensive expansion is achieved through recursive chaining (line 16):
if a child finding fj corresponds to one of the 14 diagnoses in P, it becomes
a new parent node and triggers further expansion until reaching leaf nodes.
For example, when “pulmonary edema” acts as a parent node, it expands to
“consolidation,” which in turn recursively expands to its subfinding “opac-
ity.” This recursive expansion ensures that all findings along the diagnostic
pathway maintain consistent uncertainty estimates and coherent hierarchi-
cal relations.

4. Conflict Resolution Although pathway relations capture generally
valid diagnostic dependencies (Section 8.4.1), clinical exceptions and in-
consistent uncertain expression can lead to conflicting findings during ex-
pansion. These conflicts typically arise when multiple pathways generate
overlapping findings, leading to discrepancies in diagnostic status (positive
vs. negative) or certainty (definitive vs. tentative). Conflicts were classified
as: (i) Original vs. Expansion — discrepancies between the original report
and expansion (e.g., a resolved “pulmonary edema” reappearing from the
CHF pathway); and (ii) Expansion vs. Expansion — contradictions among
expansion (e.g., “volume loss” from atelectasis vs. “normal volume” from
consolidation). To ensure clinical plausibility, all potential conflicts were
reviewed with radiologist input and resolved through a rule-based consis-
tency protocol. Resolution followed a sequential protocol: (1) original find-
ings take precedence to preserve factual accuracy; (2) contradictory entries
(e.g., positive vs. negative) are removed; and (3) among uncertain cases,
the instance with higher probability pi is retained. This process ensures
logical coherence and clinical consistency across all expanded findings. The
detailed procedure is presented in Appendix 8.7.2.2.

8.4.3 Analysis of Lunguage++

We analyze the diagnostic pathways constructed in Section 8.4.1 and the
expanded dataset generated by the framework in Section 8.4.2. This analysis
quantifies the extent to which the framework reconstructs implicit diagnostic
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reasoning, propagates uncertainty, and maintains report-level coherence.
Table 8.3 reports statistics for the full set of diagnostic pathways.

Diagnostic Pathway Diversity Pathway diversity arises from varia-
tions in imaging view, finding, location, and attributes, which inherently
capture differences in disease stage (e.g., acute vs. chronic). Across 14 di-
agnostic categories (e.g., pneumonia), we identified 98 disease variants
(e.g., hospital-acquired pneumonia) organized into 33 unique diagnostic
pathways (e.g., pneumonia vs. lobar pneumonia), as shown in Table 8.3.
Each pathway is characterized by its depth, representing the maximum hi-
erarchical expansion depth, and its width, denoting the number of leaf-level
findings at the terminal layer. On average, pathways exhibit a depth of 1.4
and a width of 3.2, indicating that most reasoning chains consist of one to
three inferential layers. Among them, pleural effusion shows the greatest
diversity (10 pathways) due to view-dependent fluid distribution, whereas
congestive heart failure exhibits the deepest hierarchy (depth 3), cascad-
ing through cardiomegaly, pulmonary edema, and pleural effusion (Figure
8.4). In contrast, simpler findings (e.g., cardiomegaly) follow single-layer
mappings (depth 1, width 1), directly linking diagnosis to observation.

Expansion Coverage As shown in Table 8.3, applying the Pathway Ex-
pansion Framework to 14,049 structured findings in Lunguage identified
2,639 findings (18.7%) that aligned with predefined diagnostic pathways,
from which 4,761 additional sub-findings (+33.9%) were inferred. This
shows that roughly one in five findings contained implicit diagnostic struc-
ture recoverable through pathways. Expansion was dominated by interde-
pendent categories such as atelectasis (+1,215), pleural effusion (+915),
and consolidation (+801), which together accounted for more than half of
all inferred findings. These conditions frequently co-occur or appear in hi-
erarchical cascades naturally producing richer expansions, e.g. effusion with
edema or atelectasis.

Conflict Resolution To assess the stability of the expanded structures,
we further examined conflicts that arose during expansion. Across the entire
Lunguage dataset, such conflicts were rare, appearing in approximately
3.2% of cases overall: 0.9% arose between original and expanded find-
ings (64.8% status, 35.2% certainty), and 2.3% between expansions (22.8%
status, 77.2% certainty). After conflict resolution, all remaining inconsis-
tencies were resolved, confirming that the expanded dataset maintains both
logical consistency and clinical validity. Detailed analyses are presented in
Appendix 8.7.2.2.
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8.5 Conclusion
In this work, we present the first systematic approach to addressing both ex-
plicit and implicit uncertainty in radiology reports. We rigorously quantify
the degree of explicit uncertainty of findings in CXR reports, through an
LLM-based automated framework. While demonstrated on the Lunguage
dataset, this framework can be applied to any CXR report corpus, enabling
the enrichment of widely used benchmarks such as CheXpert [Irvin et al.,
2019] and MIMIC-CXR [Johnson et al., 2019a] (of which Lunguage++ is
only a subset) with continuous uncertainty measures.

In parallel, we expose and address implicit uncertainty in radiology
reports arising from omitted elements of diagnostic reasoning. We introduce
a rule-based expansion framework based on expert-defined diagnostic path-
ways for 14 common CXR diagnoses, which add characteristic sub-findings
that may have been left unstated in the original reports. The diagnostic
pathways can easily be reused for other tasks, while the expansion frame-
work is applicable to any dataset that has been structured using the Lun-
guage framework proposed by Moon et al. [2025].

Together with our reusable frameworks, we release Lunguage++, a
benchmark dataset of structured radiology reports that includes continu-
ous probabilities for all extracted findings and pathway-based expansions
that expose previously omitted findings. This enriched resource supports
a range of future research directions, including training uncertainty-aware
CXR image classifiers, guiding vision-language models toward uncertainty-
aware report interpretation and generation, and studying how diagnostic
uncertainty influences downstream clinical outcomes.

8.6 Limitations
For the explicit uncertainty framework, a key limitation lies in our re-
liance on LLM-based pairwise comparisons to construct the reference rank-
ing of hedging phrases. While this approach offers the advantage of scalabil-
ity (enabling 8,610 comparisons across four LLMs, far beyond what would
be feasible with human raters) it also introduces dependency on model be-
havior. Moreover, our mapping from skill level µ to probability p is based on
assessments from only two radiologists; incorporating a larger expert pool
would better capture the variability in how uncertainty is interpreted, as
noted in prior studies [Hobby et al., 2000, Shinagare et al., 2019]. Finally,
the current framework incurs nontrivial costs when assigning probabilities
to new sentences, due to repeated LLM comparisons with the reference
ranking. Future work could mitigate this by training a lightweight, locally
hosted model, fine-tuned on our high-quality LLM comparison data.

For the implicit uncertainty framework, the limitations include both
structural and clinical aspects. First, the diagnostic pathways are con-
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structed as a top-down DAG that maps high-level diagnoses to lower-level
sub-findings. While this design captures hierarchical reasoning, it remains
unidirectional and cannot represent bottom-up or cyclic dependencies that
naturally arise in clinical reasoning – such as when multiple findings interact
or reinforce one another to revise a diagnosis. Future work could extend this
structure into a bidirectional or dynamically learnable graph representation
(e.g., a Bayesian network) that allows reasoning to flow in both directions,
thereby capturing the iterative nature of diagnostic interpretation.

Second, when expanding findings along diagnostic pathways, we cur-
rently assign the same probability to all child nodes. For instance, if
congestive heart failure (CHF) has a probability of 0.8, its inferred sub-
findings—cardiomegaly and pulmonary edema—are each assigned the same
value (p = 0.8), even though in practice, one may be more certain (e.g.,
p = 0.9) while the other less so (e.g., p = 0.6). This simplification overlooks
interdependence and uncertainty calibration among findings, which future
work could address by modeling probabilistic propagation that accounts for
relative diagnostic confidence.

Lastly, despite being defined through high-probability relations (p(v|u) >
0.8), the pathways inherently encompass clinical exceptions. Even strongly
associated findings may not hold under atypical imaging conditions or in the
presence of comorbidities, occasionally causing conflicts between pathway-
inferred and explicitly reported findings. These exceptions reflect the inher-
ent variability of radiological practice rather than modeling errors, but they
underscore the need for incorporating image-level verification and cross-
modal reasoning to refine the framework. Future iterations could leverage
visual grounding to reconcile such exceptions, ensuring that inferred rea-
soning aligns more closely with true clinical evidence.

Ethics Statement
This research made use of and expanded the Lunguage dataset [Moon
et al., 2025]. This dataset is derived from MIMIC-CXR [Johnson et al.,
2019b], a public dataset of chest radiographs and free-text radiology re-
ports. As this dataset contains sensitive patient information, we will follow
Physionet’s guidelines by publishing Lunguage++ under the same agree-
ment as the source data. Furthermore, to avoid passing sensitive patient
data to public LLM APIs, we followed Physionet’s recommendations by (i)
running a HIPAA-compliant GPT-4o model provided by Azure, (ii) revoking
data retention rights for Gemini and Claude, and (iii) running MedGemma
locally.
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8.7 Appendix

8.7.1 Explicit uncertainty
8.7.1.1 Vocabulary of hedging phrases

The full prompt that was used to extract hedging phrases for each finding-
sentence pair in Lunguage, is shown in Listing 8.3. We use this to prompt
the Gemini model gemini-2.5-flash with the maximum number of output
tokens set to 1100, where 1000 tokens were assigned as a thinking budget.
Temperature and top_p parameters were set to their default values of 1.
The total price to extract all hedging phrases was around $1.

Listing 8.3: Full prompt for hedging phrase extraction
SYSTEM: You are a radiologist who is given pairs of entities and sentences. Each entity

appears in the corresponding sentence. Your task is to identify and extract only
the words or phrases in the sentence that express uncertainty specifically about
the given entity.

TASK: You are given pairs of entities and sentences. Each entity appears in the
corresponding sentence. Your task is to identify and extract only the words or
phrases in the sentence that express uncertainty specifically about the given
entity.

Important notes:
- The sentence may mention multiple entities, but you should extract uncertainty clues

only for the specified entity. Please refer to the examples below that show how
you should handle such cases.

- Look for words or phrases that suggest uncertainty, speculation, approximation,
possibility, or lack of definitiveness (e.g., "might", "possibly", "suggests", "
appears to", "in some cases").

- Return a list of such uncertainty clues found in the sentence and relevant to the
query entity.

Return your output as a list: ["<word or phrase 1>", "<word or phrase 2>", ...]
If there are no uncertainty clues related to the given entity, return an empty list.

Below are 10 examples, after which you must complete the task for an unseen query.

INPUT:
{
"entity": "pulmonary edema",
"sentence": "overall, however, there is a more focal airspace opacity in the left mid

and lower lung, which may reflect asymmetric pulmonary edema or an infectious
process, less likely atelectasis."

}
OUTPUT:



197

["may", "or"]

INPUT:
{
"entity": "atelectasis",
"sentence": "overall, however, there is a more focal airspace opacity in the left mid

and lower lung, which may reflect asymmetric pulmonary edema or an infectious
process, less likely atelectasis."

}
OUTPUT:
["less likely"]

... <redacted for brevity>

INPUT:
{
"entity": "pleural effusion",
"sentence": "a left pleural effusion and atelectasis obscure the left cardiac and

hemidiaphragmatic contours more than the prior day."
}
OUTPUT:
[]

Examine the entity and sentence pair below. If the sentence also talks about other
entities, first identify the part of the sentence that is talking about the query
entity, and then extract phrases expressing uncertainty specifically related to
that entity.

Return your output as a list: ["<word or phrase 1>", "<word or phrase 2>", ...]. If
there are no uncertainty clues related to the given entity, return an empty list.

INPUT:
{
"entity": {entity}
"sentence": {sentence}

}
OUTPUT:

We manually reviewed and corrected all cases where more than one
phrase was extracted (568 finding-sentence pairs), since these were prone
to mistakes. Furthermore, we noticed that the LLM occasionally extracted
phrases which did not relate to the uncertainty of the finding, but rather
to other relational attributes which were already extracted in Lunguage:
onset, measurement and severity. Phrases that matched these attributes
for the same finding-sentence pair were filtered out. The phrase "difficult
to assess" was extracted in 11 cases, but was removed since it relates more
to visual limitations rather than uncertainty.

Figure 8.5 shows the number of times each of the 42 most common
hedging phrases (i.e., occurring more than 10 times) were extracted from
Lunguage.

8.7.1.2 Reference ranking of hedging phrases

TrueSkill details The TrueSkill ranking system maintains a Bayesian
belief in every item’s skill by estimating two parameters: the average skill
(µ) and the degree of confidence in the skill (σ), together characterizing a
Gaussian distribution N (µ, σ). Initially, we set µ = 25 and σ = 25

3

2, which
is the default. TrueSkill additionally defines a parameter β2, which controls
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Figure 8.5: Our vocabulary of 42 common hedging phrases, including
how many times each phrase was extracted for tentative finding-sentence
pairs in Lunguage.

the variance of the item’s performance around its average skill in a single
match, set to 25/6 per default.

When we use an LLM to compare two hedging phrases, we are essen-
tially playing a match where one hedging phrase is the winner. After each
match, TrueSkill updates both µ and σ using Bayesian inference: if an
item performs better than expected, its µ increases, with the magnitude
of this change depending on σ, and vice versa if it performs worse than
expected. This mechanism is formalized in TrueSkill’s update equations
[Herbrich et al., 2006], which ensure that σ naturally shrinks as the system
becomes more confident in its estimate, stabilizing each item’s rating. Since
the winner of a match is picked as the phrase that is closest to “finding is
certainly present”, a higher µ will be obtained for phrases closer to that part
of the likelihood spectrum. In our case, we input all pairwise comparisons
(across 861 pairs of hedging phrases, each repeated 10 times, with 4 LLMs)
one after the other, in a random order. Since the final ranking is order-
dependent, we repeat this 10 times with different random orders, averaging
the final µ and σ across runs.

Prompting details The full prompt that was used to perform compar-
isons between pairs of hedging phrases is shown in Listing 8.4. We executed
this prompt for each pair of hedging phrases, repeating 10 times with differ-
ent example sentences (sentence_1 and sentence_2 ), and with each of the
four LLMs: gemini-2.5-flash, gpt-4o, claude-sonnet-4, medgemma-27b-text-
it. For each LLM, we set the maximum number of tokens to 100, temperature
to 1, top_p to 1. This time, we assigned zero thinking budget to Gemini,
to pull all the models to the same level of reasoning capabilities.
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Listing 8.4: Full prompt for hedging phrase comparison
SYSTEM: You are a radiologist who is ranking sentences expressing uncertainty.

TASK: You will be given two sentences from radiology reports. Each sentence contains a
placeholder "<finding>", which represents a medical observation (e.g.,
consolidation, effusion, nodule). Each sentence includes a phrase that expresses
the degree of certainty about the presence or absence of the finding.

Assume there is a certainty spectrum ranging from:
"<finding> is certainly absent"
to
"<finding> is certainly present"

Your task is to identify which sentence is **closer to "<finding> is certainly present
"** on this scale, using the context of the sentence. In other words, your task is
to identify which sentence expresses a higher degree of certainty that the

finding is present.

Respond with **only** the chosen sentence (sentence_1 or sentence_2).

Here are some examples.

---

Example 1:
INPUT:
{
"sentence_1": "interstitial markings are prominent, suggest possible mild <finding>.",
"sentence_2": "allowing for low inspiratory volumes, the <finding> is probably

unchanged."
}
OUTPUT:
"sentence_2"

---

Example 2:
INPUT:
{
"sentence_1": "given the clinical presentation, <finding> must be suspected.",
"sentence_2": "although this could represent severe <finding>, the possibility of

supervening pneumonia or even developing ards must be considered."
}
OUTPUT:
"sentence_1"

---

Example 3:
INPUT:
{
"sentence_1": "this could be either pneumonia in the left upper lobe or fissural <

finding>.",
"sentence_2": "the presence of a minimal left <finding> cannot be excluded, given

blunting of the left costophrenic sinus.",
}
OUTPUT:
"sentence_1"

---

INPUT:
{
"sentence_1": {sentence_1},
"sentence_2": {sentence_2}

}
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Table 8.4: Pairwise agreement between LLMs across 8610 hedging phrase
comparisons.

Model Gemini GPT-4o Claude MedGemma
Gemini 1.000 0.861 0.868 0.866
GPT-4o 0.861 1.000 0.861 0.862
Claude 0.868 0.861 1.000 0.870
MedGemma 0.866 0.862 0.870 1.000

Which of the two sentences ("sentence_1" or "sentence_2") indicates that <finding> is
more certainly present? Respond with your choice **only**.

OUTPUT:

Reference ranking To assess the robustness of our reference ranking
(shown in Figure 8.3), we constructed an alternative ranking using only
five comparisons per phrase pair. Compared to the original ranking in
Figure 8.3, this reduced version showed an average absolute difference of 0.36
in µ and 0.76 in rank, with a Spearman correlation of 0.996 between both
rankings. These results indicate that ten comparisons per pair provide a
sufficiently stable and reliable ranking. We also compute pairwise agreement
between the four LLMs across all 8610 comparisons, which is shown in Table
8.4. The average agreement scores are 0.865 for Gemini, 0.861 for GPT-
4o, 0.866 for Claude, and 0.866 for MedGemma. Fleiss’ Kappa between
all four models is 0.860 and Krippendorff’s Alpha is 0.722. These values
indicate strong but imperfect agreement across models, highlighting the
need to integrate the judgments of all four LLMs when constructing the
final ranking, as no single model can be assumed to provide the correct
outcome in every case.

To further explore the variation across LLMs, we apply the TrueSkill al-
gorithm to each individual LLM’s set of comparisons (8610 each), repeating
10 times for different random orderings of the matches. We then compute
pairwise Spearman rank correlations between the obtained rankings. The
full correlation plot is show in Figure 8.6. Note that correlations are high for
within-LLM comparisons, indicating that averaging across 10 ordering seeds
should result in a stable ranking. Correlations are lower for across-LLM
comparisons, once again indicating that relying on a single LLM to build
our reference ranking would not be sufficient. As stated before, our final ref-
erence ranking (shown in Figure 8.3) is obtained by applying the TrueSkill
algorithm to the full set of comparisons, repeating 10 times across ordering
seeds and averaging the final µ and σ across runs. Figure 8.7 shows the
Spearman rank correlation between each individual LLM’s ranking across
10 seeds and the final reference ranking. Note that these correlations are
generally higher than the pairwise correlations between individual LLMs
from Figure 8.6.
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Figure 8.6: Pairwise Spearman rank correlations between TrueSkill
rankings obtained for individual LLMs, across 10 seeds.

Figure 8.7: Spearman rank correlations with the reference ranking
for TrueSkill rankings obtained for individual LLMs, across 10 seeds.

Expert evaluation Each participant was presented with 50 pairs of hedg-
ing phrases, with five example sentences per phrase. They were asked to
choose the phrase that expresses a higher degree of certainty that the find-
ing is present; an example is shown in Listing 8.5. The full survey, including
detailed instructions for the evaluators, can be found on our Github reposi-
tory, in the file survey_uncertainty.pdf. Table 8.5 shows the occupation
and experience of the six experts involved in our expert evaluation study.
Figure 8.8 shows the pairwise agreement between experts, and between ex-
perts and the reference ranking. Agreement is defined as the proportion

https://github.com/prabaey/lunguage_uncertainty/blob/main/data_resources/evaluation_study/survey_uncertainty.pdf
https://github.com/prabaey/lunguage_uncertainty/blob/main/data_resources/evaluation_study/survey_uncertainty.pdf
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Table 8.5: Expert occupation and experience
Type Occupation Experience
Writer Radiologist 5 to 10 years
Writer Radiologist 0 to 5 years
Reader Internist 30 to 40 years
Reader Oncologist 5 to 10 years
Reader GP 30 to 40 years
Reader GP 0 to 5 years

of phrase pairs (out of 50) for which the expert’s relative ordering matches
that of the other expert (or of the reference ranking).

Listing 8.5: Example question in expert evaluation study
Phrase 1: difficult to exclude.
Example sentences:
- bilateral hilar vascular prominence is re-demonstrated with subtle <finding> in the

left upper lung likely representing confluence of vasculature though a true nodule
**difficult to exclude**.

- there is slight blunting of both costophrenic angles, felt most likely be due to
overlying soft tissues, but a trace <finding> be **difficult to exclude**.

- no large <finding> is seen, although trace effusions are **difficult to exclude**.
- no large <finding> however, trace bilateral <finding>s **difficult to exclude**.
- mild <finding> is **difficult to exclude** in the correct clinical setting.

Phrase 2: appear.
Example sentences:
- the <finding> **appear** clear.
- the <finding> **appear** well inflated.
- the mediastinal and <finding> **appear** unchanged, allowing for differences in

technique.
- mid <finding> **appear** intact.
- <finding> **appear** grossly intact.

8.7.1.3 Fitting each finding-sentence pair into the reference rank-
ing

Algorithm Using Algorithm 2, we can fit any tentative finding-sentence
pair into the reference ranking. Here, the draw probability between the
target sentence ttar with (µtar, σtar), and an opponent phrase opp with
(µopp, σopp) is calculated as follows:

DrawProb(ttar, opp) = exp

(
−(µtar − µopp)

2

2c2

)√
d, (8.2)

with c2 = 2β2+σ2
tar +σ2

opp, d = 2β2

c2 , and β2 = 25/6 [Herbrich et al., 2006].

Validation To validate our algorithm and the use of draw probability
as an opponent selection strategy, we designed the following experiment.
While the true rank of individual sentences in our dataset is unknown, we
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Figure 8.8: Pairwise agreement between experts and reference
ranking, across 50 hedging phrase pairs.

can assess performance using the hedging phrases in our reference vocabu-
lary, whose ranks are known. Specifically, we simulate a modified reference
ranking in which one of the 42 hedging phrases is temporarily excluded,
then fit that phrase back into the ranking using a modified version of Al-
gorithm 2. We consider two opponent selection strategies: (i) the draw
probability strategy described previously, and (ii) a random strategy, where
an opponent is chosen uniformly at random at each step. We also test mul-
tiple LLM configurations: one using all LLMs for the first K iterations (as
in Algorithm 2) and then picking an LLM randomly, and another using a
single LLM (Gemini, GPT-4o, Claude, or MedGemma) for all comparisons.
Each configuration is repeated with 10 random seeds, which control sen-
tence sampling, LLM selection, and opponent choice in the random setting.
At each iteration, we compute the absolute distance between the current
estimated rank of the phrase and its true rank in the reference ranking. If
the algorithm converges before 100 iterations, the final rank is used for all
subsequent iterations. We then average the absolute rank distances across
all 42 phrases and 10 seeds. In these experiments, K was set to 10 and N
to 5.

Figure 8.9 presents the resulting performance across all configurations.
Note that the strategy which uses draw probability and all LLMs performs
best, which is indeed the strategy implemented in Algorithm 2. While the
random strategy performs similarly to draw probability in the single-LLM
setting, it leads to less stable runs, as evidenced by the standard deviation
of the distance to the true rank at step 100, averaged across all phrases,
which is shown in Figure 8.9 as well.
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Algorithm 2 Determine TrueSkill score µ for finding-sentence pair (ftar, ttar)
based on reference ranking

1: Input: Target sentence ttar, reference ranking R, LLMs, K, N , max_steps =
100, patience = 10

2: Output: TrueSkill score (µtar, σtar) for ttar
3: Initialize µtar ← 25, σtar ← 25

3

2, step← 0, s← 0
4: Initialize opp_counts[phrase]← 0, ∀ phrase ∈ R
5: while step < max_steps and s < patience do
6: Select opp ∈ R with max DrawProb(ttar, opp)
7: if opp_counts[opp] ≥ N then skip
8: opp_counts[opp]← opp_counts[opp] + 1
9: Randomly select sentence topp containing opp

10: if step < K then
11: models← all LLMs
12: else
13: models← randomly pick 1 LLM
14: end if
15: Compare ttar vs topp using models
16: Update TrueSkill (µtar, σtar) for ttar
17: Recalculate rank rtar of µtar among R
18: If rtar unchanged then s← s+ 1 else s← 0
19: step← step+ 1
20: end while

Hyperparameters Algorithm 2 contains hyperparameter K, which con-
trols the number of iterations for which all four LLMs perform the phrase-
sentence comparison, and hyperparameter N , which decides the number
of times each opponent can be selected for comparison. Following the
same experiment setup outlined above, with the draw probability strategy
and including all LLMs, we perform hyperparameter optimization across
the hedging phrases in our vocabulary. For K, we ran Algorithm 2 for
K ∈ [0, 1, 5, 10, 20, 50, 100] with N = 5. Figure 8.10a shows the average dis-
tance to the true rank in the reference ranking, averaged across all phrases.
Setting K = 10 forms the right balance between cost-efficiency and perfor-
mance. We performed the same experiment for N ∈ [2, 3, 5, 10, 20], with
K = 10, ultimately choosing N = 5 (Figure 8.10b).

Results and cost Applying Algorithm 2 to the 2,066 tentative finding-
sentence pairs in Lunguage incurred a total cost of $92.16, averaging
$0.045/pair. Specifically, we spent $5.59 on Gemini, $39.49 on GPT-4o,
and $45.12 on Claude, while MedGemma incurred no cost as it was run
locally. On average, 24.61 ranking steps were required per finding-sentence
pair, ranging from 10 to 100. The average µ value is 22.62, with a minimum
of 0.41 and a maximum of 48.58, compared to a minimum of 7.07 and a
maximum of 43.44 in the reference ranking (see Figure 8.3). The average
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Figure 8.9: Average distance to the true rank across iterations of
variants of Algorithm 2. We test different variants of the opponent selec-
tion strategy–draw probability vs. random–and LLMs used for comparisons–
all or single-LLM (Gemini, GPT-4o, Claude, or MedGemma).

(a) K (b) N

Figure 8.10: Hyperparameter tuning results for K and N .

rank when fit into the reference ranking is 23.87, with a minimum rank of
1 and a maximum rank of 43.

8.7.1.4 Map to probability scale

We use an expert-informed sigmoid mapping (described in Section 8.3.4) to
transform each µ into its probability value p. A histogram of the probabil-
ities in the tentative portion of Lunguage++ is shown in Figure 8.11.

This mapping is anchored by the expert-defined probabilities for the
phrases less likely and most likely. Two radiologists received the following
instruction:

On a scale of certainly absent (0) to certainly present (100), where would you place the
phrase <phrase>, as it relates to the <finding> in each of the following

sentences? Keep in mind that your answer may differ based on the context of the
sentence.
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Figure 8.11: Histogram of probabilities in the tentative portion of
Lunguage++.

They were asked to assign such probabilities for 10 example sentences,
for both phrases. An example sentence for less likely includes: “Minimal
blunting of the right costophrenic sulcus is more suggestive of similar slight
atelectatic change, less likely persistent trace <finding>”. An example sen-
tence for most likely includes: “Streaky predominantly right-sided mid and
lower lung opacities are seen, most likely due to <finding>”. The full in-
structions are included in the survey, which can be found on our Github
repository, in the file survey_uncertainty.pdf.

8.7.2 Implicit uncertainty
8.7.2.1 Diagnostic pathways

We present the diagnostic pathways defined in Pathway Expansion Frame-
work. In practice, the pathways encode context primarily along two axes:
(i) imaging view and patient positioning, which determine which ra-
diographic signs can be expected or meaningfully interpreted (e.g., pleural
effusion on an erect PA view typically presents with costophrenic angle
blunting, whereas on a supine AP view it more often appears as diffuse
haziness over the pleural space); and (ii) clinical acuity together with
morphologic/anatomic subtype, which jointly modulate how a diag-
nosis presents (e.g., pneumothorax shows peripheral pleural air with ab-
sent pulmonary lung markings, whereas tension pneumothorax additionally
shows mediastinal shift; pleural effusion may be non-loculated or loculated).
These conditioning factors are encoded in the pathway dictionary. During
expansion, the Pathway Expansion Framework uses these pathways to re-
cover omitted intermediate findings in a report. Tables 8.6, 8.7, and 8.8

https://github.com/prabaey/lunguage_uncertainty/blob/main/data_resources/evaluation_study/survey_uncertainty.pdf
https://github.com/prabaey/lunguage_uncertainty/blob/main/data_resources/evaluation_study/survey_uncertainty.pdf
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present representative pathway variants for the 14 diagnoses. Figures 8.12,
8.13, 8.14, and 8.15 represent these pathways visually. In the figures, each
panel depicts the diagnosis as the root and its subfindings as children, with
arrows indicating expert-defined dependencies. For example, in congestive
heart failure the pathway links the root to cardiomegaly, pulmonary edema,
and dyspnea (congestive heart failure → cardiomegaly + pulmonary edema
+ dyspnea). A dictionary with all pathway variants is also released on our
Github repository, in the file dx_pathway.csv.

8.7.2.2 Cascading expansion framework

Blacklist for Finding Deduplication We merge near-duplicate findings
into a single canonical form using cosine similarity from a clinical embed-
ding model (e.g., BioLord [Remy et al., 2024]) with a threshold of 0.9. Even
with this high threshold, purely lexical similarity can still spuriously merge
clinically distinct statements that differ along critical axes (e.g., left lower
lobe new consolidation vs. right lower lobe new consolidation). To avoid
false merges of distinct concepts, we apply an explicit blacklist with two lay-
ers: (i) exact-pair exclusions and (ii) pattern-level rules. We use a manually
curated blacklist of mutually incompatible pairs, which is invoked when two
candidates belong to the same study and to the same coarse anatomic region
but differ along key discriminative axes such as laterality, lobar/segmental
location, diagnostic status, or pathophysiologic mechanism. A candidate
pair is merged only if it passes the similarity threshold and does not match
any blacklist entry; otherwise both findings are preserved. Representative
blacklist entries and patterns are summarized in Table 8.9.

Details of Pathway Matching Algorithm 3 describes the pathway match-
ing procedure, which aligns each input tuple (finding, loc, attr, view) to at
most one pathway variant from the pathways summarized in Tables 8.6 to
8.8. The full code can be found on our Github repository.

For each row from Lunguage, we first apply NormalizeInput to ob-
tain a normalized tuple (f ′, ℓ′, a′, v′), mapping raw report phrases to the
Lunguage vocabulary (e.g., “RUL” → “right upper lung,” “TB” → “tuber-
culosis”) and mapping view metadata to a standardized view_information
string (AP, PA, LATERAL, erect, supine). In parallel, we apply Normalize
Dict to the pathway dictionary D, yielding D′ with normalized findings, lo-
cations, attributes, and views for every pathway entry.

Given (f ′, ℓ′, a′, v′) and D′, the BestPathwayMatch routine proceeds in
three compatibility steps. First, it performs a finding-level lexical match: we
restrict candidates to those pathways whose normalized finding term is iden-
tical to f ′. This ensures that, for example, tuples with finding “fracture” only
compete among fracture-related pathways, and tuples with finding “pleural
effusion” only among effusion pathways.

https://github.com/prabaey/lunguage_uncertainty/blob/main/data_resources/dx_pathway.csv
https://github.com/prabaey/lunguage_uncertainty/blob/main/run_pathway/dx_pathway.py
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Table 8.6: Diagnostic pathways (Part 1 of 3). view denotes projection or
patient orientation; ent, status, loc, and attr indicate the entity, status
(dp is definitive positive, dn is definitive negative), anatomical location,
and attributes (e.g., morphology, distribution, measurement). Pathways
are ordered sequences joined by “>”, with required co-occurrence marked by
“&&”. We display one representative pathway out of nine defined for pleural
effusion and, in total, 33 pathways spanning 14 diagnoses.

Diagnosis Specific diagnosis Diagnostic pathways

Pleural
Effusion

Non-loculated
pleural effusion (one
of nine pathways)

view: ap, pa, lateral >
ent: blunting > status:
dp > loc: costophrenic
angle && ent: opacity >
status: dp > loc: pleural
space > attr: hazy,
diffuse

Loculated pleural
effusion

view: ap, pa, lateral >
ent: opacity > status: dp
> loc: pleural space >
attr: loculated

Pneumo-
thorax

Pneumothorax view: ap, pa, lateral >
ent: lucency > status: dp
> loc: pleural space &&
ent: marking > status: dn
> loc: pulmonary && ent:
air > status: dp > loc:
lung periphery

Tension
pneumothorax

Pneumothorax && ent: shift
> status: dp > loc:
mediastinal && attr: large
amount

Consolidation view: ap, pa, lateral >
ent: opacity > status: dp
> loc: airspace && ent:
volume loss > status: dn

Atelectasis view: ap, pa, lateral >
ent: opacity > status: dp
&& ent: volume loss >
status: dp
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Table 8.7: Diagnostic pathways (Part 2 of 3).

Diagnosis Specific diagnosis Diagnostic pathways

Pneumonia Pneumonia view: ap, pa, lateral >
ent: opacity > status: dp
&& ent: fever > status:
dp

Aspiration
pneumonia

Pneumonia > loc: lung >
attr: dependent portion

Lobar pneumonia view: ap, pa, lateral >
ent: consolidation >
status: dp && ent: fever
> status: dp

Pulmonary
Edema

Interstitial
pulmonary edema

view: ap, pa, lateral >
ent: opacity > status: dp
> loc: interstitial

Alveolar pulmonary
edema

view: ap, pa, lateral >
ent: consolidation >
status: dp && ent:
pleural effusion > status:
dp

Bronchitis Bronchitis view: ap, pa, lateral >
ent: opacity > status: dp
> loc: peribronchial

Chronic Bronchitis view: ap, pa, lateral >
ent: thickening > status:
dp > loc: bronchial wall
&& ent: cough > status:
dp

Cardiomegaly view: ap, pa > ent: heart
size > status: dp > loc:
cardiothoracic > attr:
increased

CHF view: ap, pa, lateral >
ent: cardiomegaly >
status: dp && ent:
pulmonary edema > status:
dp && ent: dyspnea >
status: dp
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Table 8.8: Diagnostic pathways (Part 3 of 3).

Diagnosis Specific diagnosis Diagnostic pathways

Emphysema Emphysema view: ap, pa, lateral >
ent: lucency > status: dp
> loc: lung parenchyma >
attr: diffuse

Severe emphysema Emphysema && ent:
pulmonary vascularity >
status: dp > attr:
decreased && ent:
destruction > status: dp >
loc: lung parenchyma

COPD view: ap, pa, lateral >
ent: hyperinflation >
status: dp > loc: lungs
&& ent: emphysema >
status: dp && ent: cough
> status: dp

Fracture Acute fracture view: ap, pa, lateral >
ent: disruption > status:
dp > loc: bone

Chronic/Old
fracture

view: ap, pa, lateral >
ent: callus formation >
status: dp > loc: bone

Healed fracture view: ap, pa, lateral >
ent: deformity > status:
dp > loc: bone

Spinal/Compression
fracture

view: ap, pa, lateral >
ent: opacity > status: dp
> loc: vertebral body >
attr: increased && ent:
loss of height > status:
dp

Tuberculosis Active tuberculosis view: ap, pa, lateral >
ent: opacity > status: dp

Chronic/Non-active
tuberculosis

view: ap, pa, lateral >
ent: nodules > status: dp
> loc: bilateral upper
lung > attr: calcified &&
ent: architectural
distortion > status: dp >
loc: bilateral upper lung

Lung
Cancer

view: ap, pa, lateral >
ent: opacity > status: dp
> attr: nodular
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Second, we enforce location and attribute compatibility. For example,
location compatibility distinguishes skeletal fractures from device fractures
even when the normalized finding f ′ is “fracture”. Attribute terms then
select more specific variants: “tension” triggers the tension pneumothorax
pathway, “loculated” the loculated effusion pathway, “compression” the com-
pression fracture pathway, and acuity modifiers such as “acute,” “old,” or
“healed” select the corresponding fracture branch.

Finally, we check view compatibility using view_information, retaining
only variants that are observable under the given view (e.g., erect versus
supine presentations of pleural effusion, as discussed earlier). By construc-
tion, these compatibility rules are defined so that at most one pathway vari-
ant remains for any normalized input tuple. If a unique compatible variant
exists, BestPathwayMatch returns it as c⋆; otherwise it returns none.

Status Conflict Resolution During pathway expansion we observed sta-
tus conflicts for the same finding, and we also identified inconsistencies
within original reports. In Table 8.10, we categorize conflicts by source
and type and count their occurrence in Lunguage. Sources are original
_vs_expansion (an expanded node contradicts an explicitly stated node),
original_vs_original (two original nodes disagree), and expansion_vs
_expansion (two expanded nodes disagree). Types are polarity (dp vs.
dn), certainty_positive (dp vs. tp), certainty_negative (dn vs. tn),
duplicate_pos (tn vs. tn) and duplicate_neg (tp vs. tp).

Conflict detection operates at the granularity of (entity, location)
within each report with the same study_id. Across the expanded Lun-
guage dataset (19,216 rows), expansion-related conflicts were rare over-
all, totaling 616 cases (3.2%): 165 (0.9%) original_vs_expansion and
451 (2.3%) expansion_vs_expansion. Within original_vs_expansion
(n=165), conflicts due to polarity of definitive findings dominated, with
polarity accounting for 107 (64.8%) conflicts, certainty_pos for 34 (20.6
%), and certainty_neg for 24 (14.5%). Within expansion_vs_expansion
(n=451), conflicts were dominated by duplicates of positively tentative find-
ings: polarity accounted for 103 (22.8%) conflicts, certainty_pos for 133
(29.5%), certainty_neg for 16 (3.5%), duplicate_pos for 181 (40.1%),
and duplicate_neg for 18 (4.0%). In addition, some inconsistencies were
already present in the original reports: original_vs_original totaled 158
cases (0.8%). These conflicts were dominated by positive certainty con-
flicts: polarity accounted for 10 (6.3%) conflicts, certainty_pos for 74
(46.8%), certainty_neg for 2 (1.3%), duplicate_pos for 70 (44.3%), and
duplicate_neg for 2 (1.3%). Overall conflicts across all sources summed
to 774 (4.0% of the initial expanded Lunguage dataset).

Resolution follows a deterministic policy: (1) if a group contains both
original and expansion rows, retain the originals and discard the expansions
(treat the report text as the clinical source of truth); (2) if the remaining
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rows show a pure polarity clash with only dp and dn, drop the group; (3)
otherwise select the row with the highest prob. When multiple rows tie on
prob, break ties by a status priority that reflects clinical certainty, dp > tp
> tn > dn. After resolution, 18,810 rows remained (97.9% of 19,216), im-
plying 406 removals (2.1%); all remaining inconsistencies were eliminated,
preserving logical consistency and clinical validity. Algorithm 4 details the
procedure.
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Algorithm 3 Pathway Matching
Input: (f, ℓ, a, v) from Lunguage, pathway dict D // f : finding, ℓ: location, a: attributes,

v: view
Output: c⋆ or none
1: function SelectVariant(f, ℓ, a, v,D)
2: (f ′, ℓ′, a′, v′) ← NormalizeInput(f, ℓ, a, v) // normalize row-level finding, location,

attributes, and view
3: D′ ← NormalizeDict(D) // normalize findings, locations, attributes, and views in all

pathways
4: c⋆ ← BestPathwayMatch(D′, f ′, ℓ′, a′, v′)
5: return c⋆

6: end function
7: function BestPathwayMatch(D′, f ′, ℓ′, a′, v′)
8: C ← { c ∈ D′ : Find(c) = f ′ }// finding-level lexical match
9: if C = ∅ then

10: return none
11: end if
12: C ← { c ∈ C : LocOK(c, ℓ′) ∧ AttrOK(c, a′) ∧ ViewOK(c, v′) }// joint compatibility

on location, attributes, and view
13: if |C| = 1 then
14: return the sole element of C
15: else
16: return none// ambiguous or incompatible (should not occur since pathways are

independent)
17: end if
18: end function

Table 8.10: Pathway expansion conflicts by source and type. ori and
exp denote original and expansion.

Conflict Type exp ↔ exp ori ↔ exp ori ↔ ori

dn ↔ tn certainty_neg 16 0 2
dp ↔ tp certainty_pos 133 34 74
tn ↔ tn duplicate_neg 18 0 2
tp ↔ tp duplicate_pos 181 24 70
dp ↔ dn polarity 103 107 10

451 165 158
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Algorithm 4 Conflict Resolution
Input: Expanded dataset D with columns: study_id, entity, location, status ∈
{dp, tp, tn, dn}, prob, source ∈ {original, expansion}

Output: resolved_df
1: keys ← [study_id, entity, location]
2: RES ← [ ]
3: for all group G ⊂ D by keys do
4: if |G| < 2 then continue
5: end if
6: orig← { r ∈ G | r.source = original }
7: expd← { r ∈ G | r.source = expansion }

— Case 1: original vs. expansion —
8: if orig ̸= ∅ and expd ̸= ∅ then

Rule1: keep originals only; discard expansions
9: append all rows in orig to RES

10: continue
11: end if

— Case 2: only originals or only expansions —
12: R← orig if orig ̸= ∅ else expd
13: has_dp← (∃r ∈ R : r.status = dp)
14: has_dn← (∃r ∈ R : r.status = dn)
15: has_tp← (∃r ∈ R : r.status = tp)
16: has_tn← (∃r ∈ R : r.status = tn)

Rule2: drop if pure polarity clash
17: if has_dp and has_dn and not(has_tp or has_tn) then
18: continue
19: end if

Rule 3: pick highest probability; dp > tp > tn > dn
20: p∗ ← max{ r.prob : r ∈ R }
21: if ∃r ∈ R : r.prob = p∗ ∧ r.status = dp then
22: append any such r to RES
23: else if ∃r ∈ R : r.prob = p∗ ∧ r.status = tp then
24: append any such r to RES
25: else if ∃r ∈ R : r.prob = p∗ ∧ r.status = tn then
26: append any such r to RES
27: else
28: append any r ∈ R with r.prob = p∗ to RES
29: end if
30: end for
31: resolved_df ← Concat(RES)
32: return resolved_df
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9
Conclusions and Future Work

We conclude this work by answering the research questions posed in Chapter
3. Along the way, we highlight how the results presented across the pre-
vious five chapters address the three major challenges for AI in healthcare
introduced in Chapter 1. We then comment on potential future research
directions.

9.1 Conclusions

RQ1: Can neural networks mimic the causal and prob-
abilistic properties of a Bayesian network? (Chapter 4)
Our results in Chapter 4 illustrated how a neural network can indeed serve
as an understudy to a BN, both approximating the probabilistic behavior
and being informed by the causal properties of its BN counterpart.

However, this approach will not scale well to larger BNs. As the num-
ber of independence relations grows (which already happens for medium-
sized networks with up to 10 variables) the training process will become
increasingly inefficient. This scalability issue is exacerbated by the loss of
modularity: whereas a BN models each conditional distribution separately,
the neural understudy must learn all conditional distributions within a sin-
gle monolithic architecture. Finally, unlike a BN, which embeds expert
knowledge explicitly in its structure, the neural understudy only incorpo-
rates such knowledge implicitly through training constraints, limiting its
interpretability and thereby its ability to address challenge 1.
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We conclude that extending BNs with the ability to incorporate un-
structured text provides a more promising path forward than attempting to
adapt neural models to mimic BNs, as the latter approach risks losing the
very strengths that make BNs valuable. This is indeed the path that was
followed in subsequent chapters.

RQ2: How can we automate clinical reasoning across
tabular and textual evidence? (Chapter 5)
Our results in Chapter 5 demonstrated the strengths of BNs for formalizing
the clinical reasoning process, as well as the clear added value of incorpo-
rating unstructured text rather than relying solely on structured features.

To extend the BN with neural text representations, we first explored a
generative BN-text model in which a text node is included directly in the
network, and its conditional distribution is modeled as a multivariate Gaus-
sian over pre-trained text embeddings, conditioned on its parent values. In
practice, however, this parametric assumption proved too restrictive: the
high dimensionality of the embeddings, combined with the limited num-
ber of samples for most parent configurations, led to unreliable parameter
estimation.

We therefore proposed a second, discriminative BN-text model that uses
a set of neural text classifiers to model the conditional distribution of any
node in the BN that might be mentioned in the text. Although this approach
yielded improved performance over the generative variant, it comes with
two important limitations. First, it requires inverting the causal structure
of the problem, thereby losing the intuitive cause-effect relationship between
diagnoses and symptoms that underpins a BN. Second, it requires training
a separate classifier for each parent configuration of each node, which limits
scalability for nodes with many parents.

Despite these challenges, we showed that BNs remain a natural and pow-
erful candidate for addressing both challenge 1 and challenge 2: they offer
an interpretable, expert-informed framework for representing and reasoning
about the probabilistic dependencies central to clinical decision making. By
augmenting BNs with neural text representations, we enable Bayesian infer-
ence over textual evidence in addition to tabular evidence, thereby taking
an important step toward addressing challenge 3.

RQ3: How can we overcome the lack of clinical bench-
marks which explicitly link tabular data and text? (Chap-
ter 6)
In Chapter 6, we built a self-contained simulated dataset of medical records
comprising both structured tabular data and unstructured text. The result-
ing SimSUM dataset provides a controlled research environment for develop-
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ing and prototyping novel methods aimed at integrating tabular and textual
information, thereby directly supporting research that addresses challenge
3.

By open-sourcing SimSUM, we offer the research community a flexi-
ble and accessible sandbox for experimentation. Unlike real-world clinical
datasets – which are constrained by strict privacy requirements, require spe-
cial licenses to access, and are only allowed to be processed by local LLMs
– SimSUM is free of such restrictions. Moreover, users have insight into
the ground-truth data-generating process, including both the BN structure
that governs the tabular data and the LLM-based prompts used to generate
the clinical text. This transparency enables more rigorous and fine-grained
evaluation of multi-modal methods than is possible with real-world data.

RQ4: How can we perform patient-level information ex-
traction that consistently integrates tabular and textual
evidence? (Chapter 7)
In Chapter 7, we introduced our patient-level information extraction method,
which does not extract clinical concepts from unstructured text alone, but
additionally leverages the structured tabular features already present in the
patient’s EHR. It does so in a modular fashion. Tabular features are mod-
eled with a BN, which provides prior probabilities for each clinical concept
given all available structured evidence. In parallel, clinical concepts are
extracted from the text using a neural classifier built on pre-trained embed-
dings.

We then integrated these two sources of evidence in an interpretable and
fully probabilistic manner, using virtual evidence augmented with our novel
consistency node. Virtual evidence injects the text classifier’s predictions
into the BN, while the consistency node explicitly combines predictions
from both models. Together, they enable the BN to (i) supply background
information that may be missing from the text but useful for more accurate
concept extraction, and (ii) adjust the text classifier’s predictions when they
conflict with tabular evidence.

We can compare this approach with the generative and discriminative
BN-text models introduced in Chapter 5. There, the textual evidence was
directly integrated into the conditional probability distributions that made
up the BN, which allowed textual evidence to be directly included in the
Bayesian inference procedure. In the present method, the BN and the text
classifier are decoupled, and their predictions are fused modularly. This
separation makes it straightforward for an end user to inspect each model’s
output. It also resolves two limitations of the discriminative BN–text model:
(i) the need to learn a separate conditional text classifier for every combi-
nation of parent states for each variable mentioned in the text, and (ii) the
implicit absorption of parent–child relationships by these conditional text
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classifiers, which obscured the explicit dependencies encoded in the BN.
In summary, Chapter 7 addressed challenge 3 in the context of clinical

information extraction. By enabling the construction of structured tabular
datasets suitable for interpretable downstream models, it also contributes
to challenge 1. Our modular design allows end users to examine the pre-
dictions of both the BN and the text classifier, further supporting challenge
1. Finally, because our method is uncertainty-aware and fuses predictions
probabilistically, it aligns with the goals of challenge 2.

RQ5: How can we model clinical uncertainty while ex-
tracting information from medical reports? (Chapter
8)
In Chapter 8, we argued that medical reports contain two types of uncer-
tainty: explicit uncertainty, which reflects doubt about the presence or ab-
sence of findings; and implicit uncertainty, which arises when clinicians omit
part of their reasoning when writing reports, recording only key findings or
diagnoses. We modeled explicit uncertainty by analyzing the language of the
reports, specifically the hedging phrases that signal diagnostic doubt. We
used LLMs to build a reference ranking of hedging phrases, mapping each
finding in the report to a probability value based on its relative position in
this reference. We handled implicit uncertainty by expanding the structured
findings mentioned in the reports with characteristic sub-findings that are
not explicitly recorded. This expansion relies on expert-defined diagnostic
pathways, which systematically fill in missing information for common diag-
noses while respecting the explicit uncertainty associated with each finding.

We addressed both types of uncertainty in the context of structuring
radiology reports, building a tabular dataset of clinical concepts from un-
structured text. In summary, Chapter 8 again tackled challenge 3 in the
domain of clinical information extraction, while also addressing challenge
2 by modeling and propagating uncertainty throughout the extraction pro-
cess.

9.2 Future work
Clinical reasoning with virtual evidence In Chapter 5, we used gen-
erative and discriminative BN-text models to incorporate textual evidence
into the BN for clinical reasoning. Later, Chapter 7 introduced the virtual
evidence and consistency node approaches, which overcome several limita-
tions of those earlier models, as discussed previously. The virtual evidence
method, in particular, appears especially promising for integrating text into
BN-based clinical reasoning. Testing this idea with the SimSUM dataset
would be a natural next step: rather than treating symptoms as prediction
targets for CIE (as in Chapter 7), we would instead predict diagnoses (as
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in Chapter 5), while still injecting the text classifier’s predictions into the
symptom nodes via virtual evidence.

Future use of SimSUM While we demonstrate the utility of SimSUM
in Chapter 7, where it supports the development of new methods for incor-
porating background knowledge into CIE, we envision a much broader range
of future applications. These include benchmarking approaches for clinical
reasoning that integrate both tabular and textual evidence, as discussed in
the previous paragraph.

Beyond CIE and clinical reasoning, SimSUM is also well suited for re-
search in causal inference. This field has a clear need for synthetic bench-
marks with a known data-generating mechanism – something real-world
datasets cannot provide – so that recovered causal effects can be evaluated
against ground truth. Indeed, SimSUM has already been used to bench-
mark causal effect estimation methods in the presence of textual confound-
ing [Arno et al., 2024, Arno and Demeester, 2025], for which it proved a
good fit. The same advantages extend to causal discovery methods, which
aim to recover causal relationships directly from data [Glymour et al., 2019].
SimSUM serves as a particularly useful testbed for these methods: not only
is the ground-truth BN underlying the tabular data known, but the dataset
also poses realistic challenges by incorporating non-categorical variables,
diverse distribution types, and free-text clinical notes.

Validation on real data So far, all our methods for integrating text
into BNs have been evaluated on simulated data, primarily to maintain a
controlled research environment. While this provides an appropriate and
necessary testbed for initial development, it can create an overly optimistic
picture of the methods’ real-world performance. Actual clinical tabular
data are far more challenging: they contain missing values, errors, and
substantial coding variability across clinicians and institutions [Aung et al.,
2021]. Likewise, real clinical notes can be very long, filled with hospital- or
clinician-specific jargon, and organized into numerous subsections that vary
by institution [Tayefi et al., 2021]. In contrast, the simulated notes used
in Chapters 5-7 are relatively clean and consistently structured. Moreover,
real clinical data have an inherent temporal dimension, as a patient’s status
evolves over time. Although it is sometimes reasonable to abstract away
these dynamics in diagnostic settings (such as our SimSUM use case of
respiratory disease diagnosis in primary care) they are often crucial in other
contexts, particularly in in-hospital environments like intensive care.

Several concrete avenues exist for validating our approach using real-
world data. One option would be to validate the BN developed for diagnos-
ing respiratory diseases in primary care settings. This would require access
to primary care data; however, to our knowledge, no publicly available
datasets exist in this domain, particularly those containing de-identified
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patient consultation notes. Consequently, we would need to establish a
dedicated study in collaboration with primary care practices in Flanders to
collect such data. Alternatively, we could explore the semi-public MIMIC-
III and MIMIC-IV datasets [Johnson et al., 2016, 2023], which encompass
both structured and unstructured patient information. Nevertheless, since
these data originate from hospital rather than primary care settings, our
existing BN would not be directly applicable. This approach would necessi-
tate developing a new use case and constructing a novel BN in collaboration
with domain specialists. The most promising avenue may be leveraging the
MIMIC-CXR subset [Johnson et al., 2019b]. In this scenario, we could en-
gage radiologists to expand the diagnostic pathways presented in Chapter
8 into comprehensive BNs for selected diagnoses, training these models on
the structured data available in the Lunguage dataset [Moon et al., 2025].
The complete radiology reports would serve as textual evidence, with the
potential for incorporating chest X-ray images as a third data modality.

BN DAG development A further simplification in our experiments is
that, although the BN parameters were learned from data, the DAG struc-
ture was assumed to be known and set to the ground-truth structure. In
real applications, however, the ground-truth DAG is not available, and ex-
pert input is required to construct one. Although challenging, such expert-
designed DAGs have been developed successfully in prior work [McLachlan
et al., 2020b, Edye et al., 2021]. To ensure that the resulting structure re-
flects clinical reality as closely as possible, input from a panel of experts is
typically needed. The intended use case must also be sufficiently focused
and well-defined, so that all relevant variables can be modeled. Success in
this process depends heavily on providing experts with clear guidance and
training on DAG construction, for which the guidelines of Kyrimi et al.
[2020] can be particularly helpful.

Validation in clinical practice Beyond validation on real data, any
CDSS must ultimately be evaluated in clinical practice. Integrating such
a system into the clinical workflow is a substantial non-technical challenge.
Even if the three major technical challenges introduced in Chapter 1 are
fully addressed – resulting in a system that is technically well-designed –
this by no means guarantees adoption in real clinical settings. Practical
implementation introduces numerous obstacles, including data acquisition,
privacy concerns (e.g., pseudonymization of text data), regulatory require-
ments, financial cost, and the willingness of clinicians to adapt their work-
flow, among many others [Sterckx and Van Biesen, 2024, Aung et al., 2021,
Henzler et al., 2025].

Crucially, a CDSS must be rigorously evaluated within the clinical work-
flow in which it will be deployed [Wiens et al., 2019, Lenharo, 2024]. It must
be demonstrated that decisions made with the system lead to better patient
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outcomes than decisions made without it. Furthermore, just as strong per-
formance in a research setting does not guarantee strong performance in
a clinical setting, evidence from a single study in one environment cannot
be assumed to generalize to others, given differences in workflows, patient
populations, institutional cultures, and resource availability.

Finally, deploying a CDSS is not a one-off achievement. It requires
ongoing monitoring and iterative refinement to ensure that it continues to
meet its intended goals and genuinely improves patient care [Sterckx and
Van Biesen, 2024].

Extension to other modalities Although the methods described in
Chapter 7 were designed to integrate tabular data and text, they can be
readily extended to include additional modalities. Both the virtual evidence
approach and the consistency node flexibly accept probabilistic inputs with-
out imposing constraints on the underlying methodology used to generate
these probabilities. Consequently, replacing the text classifier with an im-
age classifier enables the incorporation of information derived from 2D or
3D imaging data, and this principle extends equally to other biosignal types
or video data. In particular, we envision the use case of jointly extracting
information from chest X-ray images, radiology reports, and tabular data.
Here, complementary features extracted from both the chest X-ray and the
corresponding radiology report could be integrated into the BN using mul-
tiple virtual evidence nodes, thereby enabling clinical reasoning that spans
three distinct modalities: tabular, textual, and visual data.

From BN to diagnostic pathway Building a full BN may become in-
feasible in settings where the diagnostic landscape is too large or where
modeling all relevant factors is overly complex for the given use case. In
such cases, a more lightweight alternative may be preferable, like the di-
agnostic pathways introduced in Chapter 8. In this approach, radiologists
are asked to specify the key findings they expect to observe at least 80% of
the time when encountering a particular diagnosis. Like a BN, a diagnostic
pathway is a DAG that encodes cause-effect relations: given a diagnosis, we
expect to observe a characteristic set of symptoms or findings. Unlike a BN,
however, these pathways impose much looser probabilistic requirements; ex-
perts are not required to specify full conditional independence assumptions.
As a result, diagnostic pathways do not define a joint probability distribu-
tion, a defining feature of BNs.

Despite these limitations, diagnostic pathways offer a practical alterna-
tive when constructing a full BN is too ambitious. While they cannot answer
probabilistic queries, they can still be used to fill gaps in clinical reasoning
by inferring likely but unreported findings. For this reason, the use of di-
agnostic pathways may be worth exploring in contexts beyond radiology
reports.
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Probability quantification from natural language When probabili-
ties cannot be learned from structured tabular data – whether because such
data are unavailable, or because no meaningful BN structure can be defined
– we must obtain these probabilities through alternative means. Chapter
8 demonstrated the potential of estimating uncertainty directly from the
natural language used to describe a finding. There, we combined these
language-derived probabilities with diagnostic pathway DAGs to expand
reported findings in an uncertainty-aware manner.

Building on this idea, an interesting future research direction is to use
the linguistically derived probability of a finding as virtual evidence in a BN.
This may offer advantages over relying solely on the predicted probabilities
of a neural text classifier, as done in Chapter 7. Neural networks are well
known to suffer from calibration issues, meaning their output probabilities
do not always correspond to true event likelihoods. By contrast, proba-
bilities derived from clinicians’ own reporting language are more directly
grounded in expert judgment. A hybrid approach of combining both the
classifier’s predicted probabilities and the linguistically inferred probabilities
as virtual evidence could prove even more powerful.
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