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Abstract

Maddalena, Lucas Gomes; Araujo Baião Amorim, Fer-
nanda (Advisor); Prince Sales, Tiago (Co-Advisor). Evalua-
ting Ontologically-Aware Large Language Models: An
Experiment in Sepsis Prediction. Rio de Janeiro, 2025.
54p. Dissertação de Mestrado – Departamento de Engenharia
Industrial, Pontifícia Universidade Católica do Rio de Janeiro.

Early and accurate detection of sepsis during hospitalization is critical,
as it is a life-threatening condition with significant implications for patient
outcomes. Electronic Health Records (EHRs) offer a wealth of information,
including unstructured textual data, often containing more nuanced insights
than regular structured data. To process such textual data, a variety of
Natural Language Processing (NLP) methods have been employed with limited
effectiveness. Recent advancements in computational resources have led to the
development of Large Language Models (LLMs), which can effectively process
vast amounts of text to identify relationships and patterns between words and
structure them into embeddings. This enables LLMs to extract meaningful
insights within specific domains. Despite these advances, LLMs face challenges
in capturing the real-world semantics of clinical texts, which are critical
for understanding the complex interconnections among terms and ensuring
terminological precision. This work proposes a case study using Clinical
KB BERT, an approach for embedding clinical notes of ICU patients that
incorporates semantic information from the Unified Medical Language System
(UMLS) ontology. By integrating domain-specific knowledge from UMLS,
Clinical KB BERT aims to improve the semantic understanding of clinical
data, thus enhancing the predictive performance of the resulting models. The
present study compares Clinical KB BERT against Clinical BERT, a widely
used model in the healthcare domain. The experimental results demonstrate
that semantically enriched embeddings produced a more accurate and less
uncertain model for the early prediction of sepsis. Specifically, it increased
the Area Under the Receiver Operating Characteristic Curve (AUC-ROC)
from 0.826 to 0.853, while the mean predictive entropy for the entire test
dataset decreased from 0.159 to 0.142. Furthermore, the reduction in mean
predictive entropy was even more pronounced in cases where both models made
correct predictions, decreasing from 0.148 to 0.129. Noteworthy, the practical
impacts of these improvements include a substantial decrease in the number
of false negatives (from 162 to 128, out of 227 septic cases), emphasizing the



ability of the semantically aware model in reducing missed early diagnoses,
and improving patient outcomes.

Keywords
sepsis prediction; LLM; semantically-enriched embeddings; ontology;

BERT;.



Resumo

Maddalena, Lucas Gomes; Araujo Baião Amorim, Fernanda; Prince
Sales, Tiago. Avaliando Grandes Modelos de Linguagem
Comprometidos Ontologicamente: Um Experimento em
Predição de Sepse. Rio de Janeiro, 2025. 54p. Dissertação de
Mestrado – Departamento de Engenharia Industrial, Pontifícia
Universidade Católica do Rio de Janeiro.

A detecção precoce e precisa de sepse durante a hospitalização é crucial,
pois trata-se de uma condição com risco de vida e implicações significativas
para os desfechos dos pacientes. Os Registros Eletrônicos de Saúde (EHRs)
oferecem uma vasta quantidade de informações, incluindo dados textuais não
estruturados, que frequentemente contêm insights mais detalhados do que os
dados estruturados convencionais. Para processar esses dados textuais, uma
variedade de métodos de Processamento de Linguagem Natural (NLP) tem
sido empregada, embora com eficácia limitada. Avanços recentes em recursos
computacionais levaram ao desenvolvimento dos Modelos Grandes de Lingua-
gem (LLMs), capazes de processar grandes volumes de texto, identificar re-
lações e padrões entre palavras e estruturá-los em embeddings. Isso permite
que os LLMs extraiam insights significativos dentro de domínios específicos.
Apesar desses avanços, os LLMs enfrentam desafios para capturar a semântica
do mundo real em textos clínicos, essencial para compreender as interconexões
complexas entre os termos e garantir precisão terminológica. Este trabalho
propõe um estudo de caso utilizando o Clinical KB BERT, uma abordagem
para criar estruturas vetoriais, chamadas de embeddings, das notas clínicas de
pacientes em UTI que incorpora informações semânticas da ontologia do Uni-
fied Medical Language System (UMLS). Ao integrar conhecimento específico
do domínio proveniente do UMLS, o Clinical KB BERT busca melhorar a com-
preensão semântica dos dados clínicos, aprimorando o desempenho preditivo
dos modelos resultantes. O presente estudo compara o Clinical KB BERT com
o Clinical BERT, um modelo amplamente utilizado no domínio da saúde. Os
resultados experimentais demonstram que embeddings semanticamente enri-
quecidos produziram um modelo mais preciso e com menor incerteza para a
predição precoce de sepse. Especificamente, o modelo aumentou a Área sob
a Curva Característica de Operação do Receptor (AUC-ROC) de 0,826 para
0,853, enquanto a entropia preditiva média para todo o conjunto de teste dimi-
nuiu de 0,159 para 0,142. Além disso, a redução da entropia preditiva média foi
ainda mais pronunciada nos casos em que ambos os modelos fizeram previsões
corretas, diminuindo de 0,148 para 0,129. Vale destacar que os impactos prá-
ticos dessas melhorias incluem uma redução substancial no número de falsos



negativos (de 162 para 128, em um total de 227 casos de sepse), enfatizando
a capacidade do modelo semanticamente consciente de reduzir diagnósticos
precoces perdidos e melhorar os desfechos dos pacientes.

Palavras-chave
Predição de sepse; Estruturas vetoriais semanticamente enriquecidas;

BERT.



Table of Contents

1 Introduction 1

2 Theoretical Background 5
2.1 Ontologies 5
2.2 Sepsis Prediction 7
2.2.1 Sepsis Labeling Criteria and Temporal Considerations 7
2.2.2 Sepsis Prediction and Challenges 8

3 Related Work 9

4 Methods and Materials 11
4.1 Definition of the performance metrics 14
4.2 Dataset 16
4.3 Model Architecture Details 17
4.4 Experiment setup 18

5 Results and Discussion 19
5.1 Performance Overview 19
5.2 Model Performance Comparison and Interpretative Insights 23
5.3 Diving into Relevant Strata 24
5.3.1 Correct predictions by both models 25
5.3.2 Semantically-aware gains 26
5.3.3 Positive semantically-aware misses 27
5.3.4 Incorrect predictions by both models 28
5.3.5 Semantically Aware Misses 29
5.4 Threats to Validity 29

6 Conclusion 32
6.1 Research Questions Revisited 32
6.2 Future Work 33
6.3 Final remarks 34
6.4 Scientific contributions 34

Bibliography 36



List of Figures

Figure 2.1 Abstraction levels of ontologies. Source: (Guarino, 2000) 6

Figure 4.1 Clinical KB Bert Pipeline. Source: Authors. 12

Figure 5.1 Receiver Operating Characteristic with Bootstrap Con-
fidence Intervals Using the Test Set. Source: Author. 21

Figure 5.2 Calibration Belt for the Semantically Unaware Model on
the Test Set. Source: Author. 22

Figure 5.3 Calibration Belt for the Semantically Aware Model on
the Test Set. Source: Author. 23

Figure 5.4 Comparison of predictive entropies for correct predic-
tions (septic and non-septic cases) by both models. Source: Au-
thors. 25

Figure 5.5 Comparison of predictive entropies for cases which only
the semantically aware model predicted correctly. Source: Authors. 27

Figure 5.6 Comparison of predictive entropies for incorrect predic-
tions (septic and non-septic cases) by both models. Source: Au-
thors. 29

Figure 5.7 Comparison of predictive entropies for Semantically
Aware Misses. Source: Authors. 30



List of Tables

Table 1.1 Research Questions 3

Table 4.1 Selected Structured Variables for the Study 17

Table 5.1 ROC-AUC scores for the Semantically Aware and Se-
mantically Unaware models using the dataset with 8-fold cross-
validation. 20

Table 5.2 Confusion Matrix for Sepsis Prediction with Semantically
Aware Model 21

Table 5.3 Confusion Matrix for Sepsis Prediction with Semantically
Unaware Model 22

Table 5.4 Classification metrics results on the Test Set and 95%
confidence interval for each metric and model. 24

Table 5.5 Positive semantically-aware misses predicted probabilities
and predictive entropies. 28



List of Abbreviations

LLM - Large Language Model NLP - Natural Language Processing EHR
- Electronic Health Record BERT - Bidirectional Encoder Representations
from Transformers UMLS - Unified Medical Language System GRU - Gated
Recurrent Unit MCC - Matthews Correlation Coefficient MIMIC - Medical
Information Mart for Intensive Care AUC-ROC - Area under the Receiver
Operating Characteristic Curve RQ - Research Question NER - Named Entity
Recognition ICU - Intensive Care Unit



1
Introduction

Sepsis is a life-threatening condition that occurs when the body’s immune
system overreacts to an infection, leading to multi-organ failure (Singer et al.,
2016). Research has demonstrated that early detection of sepsis, followed by
the prompt initiation of antibiotic treatment, significantly improves patient
outcomes (Rivers et al., 2001). Yet, despite recent advances, its early detection
remains a challenging and unresolved problem in clinical practice and research.
The use of Machine and Deep Learning (ML) methods to build prediction mod-
els reflecting recurrent patterns in hospitalized patients that further developed
sepsis from historical data has been effective; however, existing models often
struggle with issues of accuracy and understandability, highlighting the need
for further progress in this field (Gustad et al., 2021).

Electronic Health Records (EHRs) provide a valuable source of informa-
tion for sepsis prediction, encompassing both structured data (such as vital
signs and laboratory results) and unstructured clinical notes from healthcare
professionals. While structured data is easier to process, unstructured free-
text notes require advanced natural language processing (NLP) techniques
and, more recently, large language models (LLMs) have emerged as powerful
tools to extract insights from these rich textual sources (Gustad et al., 2021).

Textual embedding techniques are a vital component of Large Language
Models. They provide a numerical representation of text that is supposed to
capture its meaning, allowing the model to understand and generate human-
like language. By converting words, sentences, or even entire documents into
vectors in a continuous vector space, these embeddings enable LLMs to process
and analyze text more efficiently. These embeddings are then used as input for
various downstream tasks, such as summarization, question answering, and
text classification (Jahan et al., 2024).

The different techniques for producing text embeddings differ in the
size of the vocabulary, their approach for building vector representations
(frequency-based and/or prediction-based), and their ability to address sub-
word info and out-of-vocabulary (OOV) words (Khattak et al., 2019). The
size of the vocabulary and the dimensionality of the embeddings greatly
influence the quality and utility of the resultant vectors. These techniques
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may be broadly classified as frequency-based or prediction-based. Frequency-
based methods focus on word counts and document co-occurrence to build
vector representations. In contrast, prediction-based methods, such as neural
network models, use the surrounding words to predict a target word, thus
learning the representation. Subword information handling accounts for parts
of words—such as character n-grams—to better capture the meaning of
morphologically complex words and effectively deal with out-of-vocabulary
(OOV) terms. This approach is particularly valuable in languages with rich
morphology or specialized domains, where new terms frequently emerge. Some
notable advances in this context include Bidirectional Encoder Representations
from Transformers (BERT) (Devlin et al., 2019) - which attempt to incorporate
contextual nuances by considering the surrounding words in a sentence –
and the Clinical BERT (Alsentzer et al., 2019) - which is trained in the
Medical Information Mart for Intensive Care (MIMIC) III database clinical
notes (Johnson et al., 2016).

Despite the significant advances in applying Language Models, they still
face challenges related to semantics, which is the focus of this work. Text
embeddings may not effectively convey the complex semantic connections be-
tween terms, especially in specialized fields like biomedicine or customer anal-
ysis, where precise terminology is crucial (Yao et al., 2023). Additionally, ad-
dressing the occurrence of hallucinations in the context of Language Models
remains a challenge. Hallucinations refer to instances where a model generates
outputs that deviate from factual accuracy, resulting in nonsensical or irrel-
evant responses. Integrating structured real-world knowledge from ontologies
into Language Models can help reduce these hallucinations. By grounding the
model’s generative processes in a network of factual relationships and entities,
we can guide the model towards more factually consistent and contextually
relevant responses, ultimately enhancing the trustworthiness of its output.

Recent literature evaluates the benefits of enriching semantics not only
with textual data but also leveraging structured knowledge representations,
such as Knowledge Graphs, RDFs, taxonomies, and ontologies, with findings
pointing toward significant enhancements in various machine learning appli-
cations (Jiang et al., 2020), (Maddalena and Baião, 2022), and (Pan et al.,
2024). Such studies have shown promising results in improving the accuracy
and depth of data interpretation in several domains, including risk assessment
(Sales et al., 2018) (Fumagalli et al., 2023), (Amaral et al., 2021) (Porello et al.,
2020), emergence capability (Calhau et al., 2023), and knowledge-intensive pro-
cesses (de Almeida Rodrigues Gonçalves et al., 2023).

To face the challenges of leveraging structured and unstructured clini-
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cal data for sepsis prediction, this study explores the integration of ontologies
into language models by means of three research questions (RQ). First, it in-
vestigates how embedding structured domain knowledge, such as ontologies,
can enhance the performance and reliability of predictive models (RQ1). Sec-
ond, it suggests how to measure the benefits of using semantically enriched
embeddings, particularly in terms of improving predictive accuracy and re-
ducing uncertainty (RQ2). Third, the study examines whether incorporating
structured semantic information can help mitigate critical misclassifications,
such as false negatives, which are particularly detrimental for sepsis prediction
(RQ3).

RQ1
How embedding structured domain knowledge, such as ontologies,
can enhance the performance and reliability of predictive models?

RQ2
How to measure the benefits of using semantically enriched embeddings,

particularly in terms of improving predictive accuracy and reducing uncertainty?
RQ3

Does the incorporation of structured semantic information
help mitigate critical misclassifications, such as false negatives,

which are particularly detrimental for sepsis prediction?

Table 1.1: Research Questions

These research questions, summarized in Table 1.1, aim to assess the
potential of ontologically enriched embeddings to address current limitations
in clinical NLP tasks.

To address the three research questions, this work describes an exper-
iment to evaluate the impact of semantically enriched embeddings on the
early prediction of sepsis in ICU patients. Specifically, we compare Clinical
BERT, a baseline language model for clinical text, with our proposed pipeline
(henceforth named Clinical KB BERT), which incorporates domain-specific
knowledge from the Unified Medical Language System (UMLS) ontology. By
embedding semantic information, Clinical KB BERT addresses the limitations
of capturing the semantics of medical terms mentioned in EHRs. Our findings
demonstrate that the proposed approach leads to significant improvements, in-
cluding higher prediction accuracy, measured in terms of both AUC-ROC and
Matthews correlation coefficient (MCC) and reduced prediction uncertainty,
measured using entropy-based methods (Weiss and Tonella, 2021).

This work is structured as follows. Chapter 3 introduces Clinical BERT
and Clinical KB BERT, highlighting their respective architectures and fea-
tures. Chapter 4 details the Materials and Methods applied to implement the
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gated recurrent unit (GRU) architecture used as the foundation of both pre-
dictive models, alongside an explanation of the MIMIC-III dataset and data
preprocessing steps that were performed. chapter 5 presents the experimental
findings, including a detailed analysis of specific case groups, providing insight
into how semantic enrichment improves prediction performance and model in-
terpretability.



2
Theoretical Background

2.1
Ontologies

Ontologies play a fundamental role in structuring knowledge within var-
ious domains. According to Guarino (2000), an ontology is a logical theory
that accounts for the intended meaning of a formal vocabulary, ensuring a sys-
tem’s ontological commitment to a specific conceptualization of the world. This
definition underscores the importance of ontologies in formalizing knowledge,
providing explicit and rigorous conceptual frameworks that enhance commu-
nication, interoperability, and reasoning in complex domains.

Ontologies contribute to knowledge representation by structuring
domain-specific concepts, their relationships, and constraints. They help
resolve ambiguities, enable semantic interoperability across systems, and im-
prove the explainability of AI models. Furthermore, ontologies are particularly
relevant for developing ontology-driven information systems, where they serve
as central components influencing data organization, retrieval, and inferencing
mechanisms.

As illustrated in Figure 2.1, Guarino (2000) classifies ontologies into
four levels based on their generality and domain specificity: (1) Top-level
ontologies, which define fundamental concepts such as space, time, and objects,
independent of any specific domain; (2) Domain ontologies, which specialize
the top-level ontology by structuring concepts within a specific area, such as
medicine or engineering; (3) Task ontologies, which describe the vocabulary
and knowledge related to a particular process or function, such as diagnosis or
planning; (4) Application ontologies, which combine domain and task ontologies
to provide a specialized framework tailored to specific use cases.

Examples of foundational ontologies include the Unified Foundational
Ontology (UFO) (Guizzardi et al., 2022) and the Basic Formal Ontology
(BFO) (Otte et al., 2022), which have been widely adopted in both academic
and practical applications. Foundational ontologies serve as the basis for
constructing more specialized ontologies by offering explicit definitions of
general terms and their interrelations, ensuring semantic consistency across
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various domains.
Building upon foundational ontologies, domain and task ontologies refine

and adapt these general concepts to address the specific needs of particular
fields. Domain ontologies focus on structuring knowledge related to specific ar-
eas, such as diseases in healthcare or materials in engineering. Task ontologies,
on the other hand, describe procedural knowledge related to specific activi-
ties, such as medical diagnosis or clinical treatment plans. These layers enable
the specialization of concepts and relationships introduced in foundational on-
tologies, allowing them to be tailored to the nuances of different application
areas.

Finally, application ontologies represent the most specialized level, inte-
grating domain and task ontologies to provide a structured conceptualization
suited for concrete applications. These ontologies serve as the backbone for
implementing intelligent systems, such as clinical decision support systems or
natural language processing tools in healthcare. By incorporating structured
knowledge from multiple ontology layers, AI models and predictive systems
can enhance their reasoning capabilities, improving decision-making processes
in complex and high-stakes environments.

Figure 2.1: Abstraction levels of ontologies. Source: (Guarino, 2000)

This hierarchical organization of ontologies highlights their crucial role in
bridging general conceptual foundations with domain-specific applications. By
embedding structured knowledge into computational models, ontologies not
only improve semantic clarity but also contribute to more interpretable and
reliable AI-driven solutions across various fields.
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2.2
Sepsis Prediction

Sepsis is a life-threatening condition that arises when the body’s immune
system overreacts to an infection, causing widespread inflammation and po-
tentially leading to multi-organ failure and death. The Third International
Consensus Definitions for Sepsis and Septic Shock (Sepsis-3) define sepsis as a
“life-threatening organ dysfunction caused by a dysregulated host response to
infection” (Singer et al., 2016). Organ dysfunction is typically quantified using
the Sequential Organ Failure Assessment (SOFA) score, with an increase of 2
or more points indicating a higher risk of mortality.

Early detection and intervention are critical for improving patient out-
comes, as studies have demonstrated that prompt administration of antibiotics
and other treatments significantly reduces mortality rates (Rivers et al., 2001).
Despite advances in medical practice, the timely prediction of sepsis remains
a challenging problem, owing to its heterogeneous presentation and the com-
plex interplay of physiological, laboratory, and clinical factors involved in its
diagnosis.

2.2.1
Sepsis Labeling Criteria and Temporal Considerations

To label sepsis cases in this study, we follow the Sepsis-3 definition using
a SOFA score increase criterion (Johnson et al., 2016). The labeling process
consists of the following steps:

– SOFA Score Calculation per Hour : For each intensive care unit (ICU)
stay, SOFA scores are computed hourly based on organ dysfunction
categories: respiratory, coagulation, liver, cardiovascular, central nervous
system, and renal functions.

– Sepsis Onset Time Determination: A patient is labeled as septic if their
SOFA score increases by at least 2 points within the observation window.
The exact sepsis onset time is calculated as:

Admission Time + Hours from Admission when SOFA ≥ 2 (2-1)

– Time Window Constraints: Only SOFA scores within the suspicion of
infection (SI) window are considered to ensure proper alignment with
clinical sepsis diagnosis. SOFA calculations exclude ICU stays with
negative or invalid hospital length of stay values (SOFAhlos ≥ 0).
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– First Sepsis Onset Filtering: If multiple sepsis events are detected in a
single ICU stay, only the first occurrence is retained to avoid redundant
labels.

– Data Storage and Usage: The processed sepsis labels are integrated into
the study’s database for further analysis and model training.

This Sepsis-3-compliant labeling strategy ensures the dataset aligns with
clinical diagnostic standards, allowing for accurate and meaningful machine
learning model training and evaluation.

2.2.2
Sepsis Prediction and Challenges

Machine learning models have emerged as promising tools for sepsis
prediction, leveraging structured data such as vital signs and laboratory
results alongside unstructured data from clinical notes. However, existing
approaches often struggle with high false negative rates, which can delay
critical interventions. Furthermore, many models lack the capacity to fully
utilize the semantic richness of clinical text, limiting their ability to capture
complex temporal and contextual relationships that are crucial for accurate
predictions.

This study focuses on improving sepsis prediction by integrating ontolog-
ical knowledge into the model, aiming to enhance its semantic understanding
of clinical data. By leveraging the Unified Medical Language System (UMLS)
ontology, the approach seeks to bridge the gap between structured and un-
structured data, providing a robust framework for early and reliable sepsis
detection.



3
Related Work

There is a growing body of work focused on augmenting Large Language
Models (LLMs) with structured knowledge, reflecting the increasing impor-
tance and momentum of this rapidly evolving field (Pan et al., 2024). Notable
examples include CoDEx (Alam et al., 2022), which introduces an innovative
model-agnostic loss function enabling Knowledge Graph Embedding (KGE)
models to leverage the textual context of LLMs for more accurate triple likeli-
hood estimation. Similarly, in (Nayyeri et al., 2022), embeddings are enhanced
by combining hierarchical LLM-generated representations—spanning word,
sentence, and document levels—with graph embeddings using Quaternion-
based 4D hypercomplex vectors. Another significant contribution involves in-
tegrating vision and graph encoders to create multimodal knowledge graph
embeddings, generating substantial improvements in downstream task perfor-
mance (Huang et al., 2022). Additionally, shared transformer-based encoders
jointly optimize knowledge graph embedding objectives and masked token
pretraining, aligning language processing with knowledge graph tasks (Wang
et al., 2019).

Beyond knowledge graph integration, structured domain knowledge has
been explored in machine learning pipelines to improve model generalization
and adherence to clinical guidelines. Sirocchi et al. (2024) highlight the neces-
sity of incorporating clinical knowledge into medical machine learning models,
demonstrating that such integration enhances accuracy, interpretability, and
data efficiency. Their study maps knowledge integration strategies across dif-
ferent stages of the machine learning pipeline, underscoring the benefits of in-
corporating medical domain rules, causal networks, and structured intervals in
predictive modeling. Similarly, Maass and Storey (2021) propose a framework
for embedding conceptual models into data science workflows, illustrating how
structured knowledge can support machine learning applications in healthcare.
By combining conceptual modeling with machine learning, they emphasize the
potential of ontologies to provide meaningful constraints, improving the inter-
pretability and reliability of AI-driven predictions.

Despite all these advances, Sepsis prediction continues to be a challenging
problem, as shown in (Gustad et al., 2021), where the authors review machine
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learning approaches combining structured and unstructured data for this pur-
pose. While these approaches improved the identification and early detection
of sepsis, none of them explores the potential of structured knowledge integra-
tion, such as ontologies, to address this issue. Instead, the reliance on stan-
dard NLP techniques limits their ability to capture the semantic relationships
present in clinical text. This gap creates an opportunity for approaches like
the one presented in this study to leverage ontological knowledge for enhanced
interpretability and predictive performance.

The above-mentioned works illustrate the potential of integrating struc-
tured knowledge with LLMs. The contribution of our study is twofold: first,
while they primarily target general-purpose applications or multimodal knowl-
edge integration, we emphasize the integration of domain-specific ontologies
to enhance semantic understanding in predicting sepsis; second, while existing
studies often utilize knowledge graphs, our study leverages the Unified Medi-
cal Language System (UMLS) ontology to embed structured clinical knowledge
into the language model directly. Thus, our approach applies ontological inte-
gration specifically to improve predictive accuracy and reduce uncertainty in
clinical NLP tasks.



4
Methods and Materials

As Mealy (1967) stated way back in the late 60s, "Data are fragments of
a theory of the real world", highlighting the need to connect data to their real-
world referents. Controversially, data are still (and surprisingly increasingly)
often perceived without the essential semantic commitment it requires.

One promising way of approaching this connection requires structuring
the entities (and their relationships) of the real world that the data refers to,
and representing them in a machine-readable format. Ontologies address this
need by providing “a formal, explicit specification of a shared conceptualiza-
tion” (Studer et al., 1998). As an artifact, it offers a structured representa-
tion of interrelated concepts and formal axioms that define entities within a
domain and the relationships between them. When enriched with constructs
from a foundational ontology, ontologies establish an ontological commitment,
enabling semantically precise definitions and ensuring that the knowledge rep-
resented is both contextually relevant and interpretable.

Furthermore, a systematic approach to delineate the essence of various
domains is crucial for LLMs to grasp the underlying semantics of the data
they process. Using structured knowledge representations, LLMs could achieve
a more precise understanding of data, shedding light on potentially ambiguous
definitions and discovering more profound and accurate correlations that reflect
the true nature of the entities and events represented within the data.

In this context, together with the advances of LLMs, Clinical KB BERT
emerges (Hao et al., 2020) as a significant advancement by integrating domain
knowledge from the Unified Medical Language System (UMLS). The model
introduces a novel joint training method for incorporating entities and relations
of the UMLS ontology (Bodenreider, 2004) into the Clinical BERT model; a
detailed pipeline of this model is depicted in Figure 4.1.

Methodologically, Clinical KB BERT integrates domain knowledge from
the Unified Medical Language System (UMLS) into the pre-training process
of the Clinical BERT model (Hao et al., 2020). This integration is achieved
through a novel joint training approach, where both masked language model-
ing (MLM) and knowledge base (KB) modeling tasks are optimized simulta-
neously. The key steps in the pipeline can be summarized as follows:
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Figure 4.1: Clinical KB Bert Pipeline. Source: Authors.

1. Dataset Preparation: The model uses two primary data sources:
the MIMIC-III dataset, which provides approximately two million de-
identified clinical notes, and the UMLS knowledge base, which contains
over 27 million relations across 127 semantic types (Bodenreider, 2004).
UMLS is represented in a multi-relational graph, with nodes correspond-
ing to medical concepts and edges denoting relationships such as "may
be treated by" or "associated with."

2. Encoding UMLS Triplets: UMLS relations are transformed into
triplets of the form (concept1, relation, concept2 ). These triplets are then
encoded into input sequences for the transformer model, formatted as:
[CLS] concept1 [relation] concept2 [SEP]. Special tokens are used
to represent the relations, enabling the model to learn their contextual
significance.

3. Joint Training Objective: During pre-training, the model optimizes
three objectives: the masked language model loss (Lm), the next sentence
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prediction loss (Ln), and a triplet classification loss (L̃t). The triplet
classification loss is specifically designed to model the relational structure
in the UMLS graph. The final loss function combines these objectives
as L = 4Lm + Ln + L̃t, ensuring balanced learning of linguistic and
knowledge-based representations.

4. Negative Sampling for Triplets: To address the sparsity of valid
UMLS triplets, a negative sampling method is employed. Negative
triplets are constructed by randomly replacing one of the concepts in
a valid triplet while ensuring that the new triplet respects the semantic
types of the original concepts. This method prevents the classification
task from becoming trivial and enhances the robustness of the model.

5. Fine-Tuning for Downstream Tasks: After pre-training, Clinical KB
BERT is fine-tuned on specific clinical NLP tasks, such as named entity
recognition (NER) and natural language inference (NLI) (Hao et al.,
2020). The model demonstrated improvements in both accuracy and F1-
scores compared to baseline methods, highlighting the effectiveness of
integrating structured domain knowledge.

This multi-faceted training methodology allows Clinical KB BERT to
leverage the rich relational structure of the UMLS ontology while maintaining
strong performance on conventional language modeling tasks. The approach
sets a precedent for integrating external knowledge bases into language models
in low-resource domains such as clinical NLP.

The results were better in different downstream clinical NLP tasks:
in a natural language inference task applied to clinical texts, it improved
accuracy by up to 1.7%, and in clinical named entity recognition tasks, the
F1-score improved by up to 1.0% (Hao et al., 2020). These results highlight
the potential of integrating structured knowledge to enhance the performance
of NLP systems in low-resource - yet critical - settings, such as the clinical
domain.

Building on this foundation, this research extends the application of Clin-
ical KB BERT by incorporating it into a predictive modeling framework for
sepsis prediction. Specifically, the study leverages the model’s semantically en-
riched embeddings to enhance the representation of clinical notes, integrating
these with structured physiological and demographic data to improve predic-
tion accuracy. By focusing on the early detection of sepsis, a critical challenge
in healthcare, this work not only validates the utility of Clinical KB BERT in
a new context but also demonstrates its potential for addressing high-stakes
predictive tasks in clinical decision-making.
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This approach contributes to the literature by demonstrating how struc-
tured ontological knowledge, when integrated with advanced language mod-
eling techniques, can improve model interpretability, reduce uncertainty, and
ultimately lead to more reliable outcomes in resource-constrained domains like
healthcare. By expanding the scope of Clinical KB BERT’s application, this
research sets a precedent for leveraging semantic enrichment in other predictive
healthcare challenges.

4.1
Definition of the performance metrics

The metrics used to evaluate model performance in this study were the
Area Under the Receiver Operating Characteristic Curve (ROC-AUC) and the
Matthews Correlation Coefficient (MCC). As highlighted by Çorbacıoğlu and
Aksel (2023), ROC-AUC measures a model’s discriminatory ability, summa-
rizing its capacity to differentiate between positive and negative classes across
all potential decision thresholds. ROC-AUC values range from 0.5 (random
chance) to 1.0 (perfect discrimination), with higher values indicating supe-
rior diagnostic performance. This metric was used both for selecting the best-
performing model during 8-fold cross-validation and for comparing the overall
performance of the models.

The Matthews Correlation Coefficient (MCC) (Chicco and Jurman, 2020)
was used to determine the optimal prediction threshold for each model. MCC
is especially valuable in binary classification tasks with imbalanced datasets, as
it considers all elements of the confusion matrix (true positives, true negatives,
false positives, and false negatives). This ensures a less biased and more
robust evaluation compared to metrics like accuracy or F1 score, which can
be misleading under imbalance conditions. For each model, the threshold that
maximized the MCC was selected, ensuring the best balance between true
positives and false positives.

In addition to these metrics, model uncertainty was assessed using pre-
dictive entropy. As discussed by Weiss and Tonella (2021), predictive entropy
quantifies the uncertainty of a model’s predictions, where higher entropy indi-
cates greater uncertainty. This metric is particularly important in high-stakes
domains such as healthcare, where understanding a model’s confidence is as
crucial as its accuracy. Furthermore, as emphasized by Gireesh and Gurupur
(2023), prediction model reliability is closely tied to its accuracy and can be
effectively evaluated using measures like predictive entropy. Lower entropy val-
ues signify more reliable predictions, as they reflect reduced uncertainty and
a higher likelihood that the model’s outputs align with the ground truth. In
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this context, the reduction in predictive entropy observed in the semantically
enriched model not only indicates greater confidence but also underscores its
improved reliability, a critical attribute in clinical applications where depend-
able decision-making can have direct implications for patient care.

Beyond classification performance and uncertainty measures, this study
also evaluated model calibration, which assesses how well predicted probabil-
ities align with actual outcomes (Walsh et al., 2017). Proper calibration is
essential in clinical decision-making, as it ensures that predicted risk scores
correspond to the true likelihood of an event occurring. Unlike purely discrim-
inative metrics like AUC-ROC, which measure a model’s ability to differentiate
between positive and negative cases, calibration provides insights into whether
a model systematically overestimates or underestimates risk.

In the context of sepsis prediction, miscalibrated models can have serious
consequences. Overestimated risks may lead to unnecessary interventions, in-
creasing healthcare costs and resource allocation inefficiencies, while underesti-
mated risks can delay crucial treatments, worsening patient outcomes. As high-
lighted by Walsh et al. (2017), calibration impacts clinical usefulness, which
considers the practical implications of deploying a predictive model, including
its effects on costs, utilities, and potential harms associated with decision-
making. Poorly calibrated models may contribute to excessive or insufficient
medical responses, undermining their real-world applicability.

To ensure that the predictions made by both models are reliable, this
study examines their calibration across different probability ranges, identi-
fying patterns of overconfidence or underconfidence in their predictions. A
well-calibrated model improves not only interpretability but also the cost-
effectiveness of early sepsis detection, aligning probability estimates with mean-
ingful clinical thresholds. By integrating structured knowledge, the semanti-
cally aware model demonstrates improved predictive confidence, which, in turn,
enhances the practical value of AI-driven sepsis risk assessment in intensive
care settings.

Ultimately, the combination of ROC-AUC, MCC, predictive entropy pro-
vides a comprehensive assessment of model performance, balancing discrimi-
natory power, reliability, and confidence in predictions. The improvements ob-
served in the semantically enriched model further support the integration of
structured domain knowledge into machine learning frameworks to enhance
predictive accuracy and trustworthiness in clinical settings.
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4.2
Dataset

This study used MIMIC-III, a publicly available dataset that contains
information on 46,520 patient admissions in three different hospitals in the
USA. It provides data on the demographics of patients, vital signs, laboratory
tests, and clinical electronic records (EHR) written by nurses, physicians, and
specialists, which will be the main type of data further analyzed in the present
study.

We analyzed ICU stays for patients between the ages of 18 and 89. We
excluded stays if the patient developed sepsis within the first 8 hours of ICU
admission or if the stay exceeded 30 days. Sepsis was defined according to the
Sepsis-3 criteria (Singer et al., 2016), with the objective of predicting sepsis
development within the next 4 hours.

The curated dataset consisted of 29,967 ICU stays, among which 1,135
cases developed sepsis. To ensure a robust and clinically relevant feature
selection, we adopted the approach used in the PhysioNet/Computing in
Cardiology Challenge 2019 (Reyna et al., 2020), which focused on early sepsis
prediction. Specifically, we selected variables that were both considered in the
challenge and available in the MIMIC-III dataset, ensuring consistency with
prior benchmarking efforts while leveraging a widely used real-world clinical
dataset. The final set of structured variables comprised 27 features related
to patient vital signs, laboratory values, and demographic characteristics, as
detailed in Table Table 4.1, in addition to 768 features representing text
embeddings derived from electronic health records (EHR).

At this point, two versions of the dataset were created: for the seman-
tically unaware scenario, the text embeddings were generated using Clinical
BERT, while for the semantically aware scenario, Clinical KB BERT was used.

Due to the significant rate of missing values, the input data was formatted
into matrices with 795 columns and T rows, where T represents the number of
observations during a patient’s stay. We used a Gated Recurrent Unit (GRU)
model to classify whether a patient’s observations up to a certain time point
would indicate the likelihood of developing sepsis within the next 4 hours,
given the varying lengths of ICU stays.

All variables were standardized by subtracting the global mean and
dividing by the standard deviation. Missing values were imputed with zeros,
and a masking layer was incorporated to indicate the presence of missing data.
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Table 4.1: Selected Structured Variables for the Study
Variable Variable name Unit
Heart Rate heartrate beats per minute (bpm)
Pulse Oximetry spo2 %
Body Temperature tempc Celsius Degree (ºC)
Systolic Blood Pressure sysbp millimeters of mercury (mmHg)
Mean Arterial Pressure meanbp millimeters of mercury (mmHg)
Diastolic Blood Pressure diasbp millimeters of mercury (mmHg)
Respiration Rate resprate breaths per minute (bpm)
Base Excess baseexcess millimoles per liter (mmol/L)
Bicarbonate bicarbonate millimoles per liter (mmol/L)
Fraction of Inspired Oxygen fio2 %
Partial pressure of carbon
dioxide from arterial blood

pco2 millimeters of mercury (mmHg)

Oxygen Saturation from ar-
terial blood

so2 %

Blood Urea Nitrogen bun milligrams per deciliter (mg/dL)
Calcium calcium milligrams per deciliter (mg/dL)
Chloride chloride millimoles per liter (mmol/L)
Creatinine creatinine milligrams per deciliter (mg/dL)
Serum Glucose glucose milligrams per deciliter (mg/dL)
Lactic Acid lactate milligrams per deciliter (mg/dL)
Potassium potassium millimoles per liter (mmol/L)
Total Bilirubin bilirrubin_total milligrams per deciliter (mg/dL)
Hematocrit hct %
Hemoglobin hgb grams per deciliter (g/dL)
Partial thromboplastin time ptt seconds (s)
Leukocyt Time wbc count per liter (count/L)
Platelets platelets count per milliliter (count/mL)
Admission Age admission_age years

4.3
Model Architecture Details

The GRU-based architecture used in this study was implemented with
TensorFlow (Abadi et al., 2015), leveraging its robust tools for building and
optimizing deep learning models. The training process employed the Adam
optimizer (Kingma and Ba, 2014) with a learning rate of 0.0005, chosen for its
ability to adaptively adjust learning rates during training, ensuring efficient
convergence.

The model architecture consisted of two Gated Recurrent Unit (GRU)
layers, with 64 and 32 units respectively, designed to capture sequential depen-
dencies in the input data. These layers were followed by two fully connected
dense layers, with 32 and 16 units, applying non-linear transformations to the
extracted features. The output layer was configured with a sigmoid activation.

This design ensured a balance between model complexity and computa-
tional efficiency, allowing the model to effectively process sequential data while
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minimizing the risk of overfitting. By combining GRU layers with dense lay-
ers, the architecture was well-suited to integrate temporal dependencies from
clinical notes with additional structured data for sepsis prediction.

4.4
Experiment setup

We trained two models: one using Clinical BERT (henceforth referred to
as semantically unaware) and the other using Clinical KB BERT (semantically
aware), to assess the impact of incorporating structured medical knowledge.
The training dataset constituted 80% of the total data, with stratification to
preserve the proportion of septic patients. This 80% was further divided into
8 folds for training, with the remaining fold serving as the validation set for
each training set partition.

We assessed the ability of both the semantically aware model and the
semantically unaware model to predict sepsis onset within a 4-hour window
for ICU patients. For each model, we performed cross-validation by training
8 different models, each using a distinct fold of the data as the validation
set while the remaining folds were used for training. This approach ensured a
robust evaluation of model performance across different subsets of the dataset.

The evaluation process consisted of three key stages:

1. Cross-validation: Models were trained using an 8-fold cross-validation
approach to ensure robust performance estimation. For each fold, a model
was trained and validated on separate subsets of the training data,
enabling the identification of the best-performing model in each scenario.

2. Test set evaluation: The best-performing models from cross-validation
were evaluated on a hold-out test set to measure their generalization
capabilities. This step provided a realistic assessment of how the models
might perform in clinical settings.

3. Stratified analysis: To provide deeper insights into the strengths and
limitations of each model, the test set predictions were further divided
into distinct strata based on prediction correctness and entropy values.
This stratification enabled a nuanced interpretation of model behavior
in different clinical scenarios.

The code and implementation details for this research are publicly
available on GitHub1, ensuring transparency and facilitating reproducibility
for future studies.

1https://github.com/lucasmadda/EvaluatingOntologicallyAwareLargeLanguageModels/

https://github.com/lucasmadda/EvaluatingOntologicallyAwareLargeLanguageModels/


5
Results and Discussion

This chapter presents a detailed evaluation of the models developed in
this study, comparing their performance on the task of early sepsis predic-
tion. Following the methodology presented in Chapter 4, the evaluation was
designed to comprehensively assess model performance using various metrics,
such as Area Under the Receiver Operating Characteristic Curve (AUC-ROC),
Matthews Correlation Coefficient (MCC), and predictive entropy. These met-
rics were selected to ensure that the analysis captured both the models’ over-
all accuracy and their ability to manage uncertainty, particularly in a domain
where missed predictions can have severe clinical consequences.

Additionally, model calibration was assessed using the Giviti Calibration
Belt, which evaluates the alignment between predicted and observed probabil-
ities. This analysis provides insights into whether the models systematically
overestimate or underestimate sepsis risk, ensuring that their probability out-
puts are meaningful and reliable for clinical applications.

5.1
Performance Overview

For the semantically aware model, the best performance was achieved
when fold 0 was used as the validation set, resulting in an AUC-ROC of 0.833.
Similarly, the semantically unaware model performed best with fold 2 as the
validation set, achieving an AUC-ROC of 0.805.

These results, summarized in Table 5.1, highlight the importance of cross-
validation in systematically evaluating and selecting models that generalize
well across different subsets of data. The selected models were subsequently
evaluated on the test set to ensure their generalizability extended beyond the
validation folds. Also, Figure 5.1 shows how the ROC curve behaves for each
of the chosen trained models.

To determine an optimal decision threshold, we analyzed the ROC
(Receiver Operating Characteristic) curve for each model, selecting thresholds
that maximized the MCC for predictive accuracy. For Clinical BERT, this
threshold was set at 0.485, yielding an MCC of 0.356. In contrast, the Clinical
KB BERT model required a lower threshold of 0.321 to maximize its MCC,
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Table 5.1: ROC-AUC scores for the Semantically Aware and Semantically
Unaware models using the dataset with 8-fold cross-validation.
Fold Validation (V) or Test (T) set Model

Semantically Aware Semantically Unaware

0 V 0.833 0.797
T 0.853 0.834

1 V 0.807 0.803
T 0.839 0.833

2 V 0.822 0.805
T 0.872 0.826

3 V 0.764 0.765
T 0.827 0.838

4 V 0.795 0.803
T 0.845 0.843

5 V 0.780 0.793
T 0.860 0.813

6 V 0.786 0.794
T 0.873 0.881

7 V 0.786 0.780
T 0.845 0.827

resulting in an improved MCC score of 0.424. These thresholds allowed each
model to classify ICU stays with a probability of sepsis within the next 4 hours
as positive when exceeding the specified threshold. The definition of specific
thresholds enabled each model to perform its best possible classification,
according to its learning phase.

To further assess model reliability, I analyzed the models’ calibration,
which provides a visual and statistical evaluation of the agreement between
predicted probabilities and observed outcomes. Figure 5.2 and Figure 5.3
illustrate the calibration curves for the semantically unaware and semantically
aware models, respectively.

The calibration belt for the semantically unaware model (Figure 5.2)
exhibits significant deviations from the ideal calibration line (bisector), partic-
ularly in the mid-range probability region. The confidence intervals indicate
that the model tends to underestimate the probability of sepsis onset for cer-
tain cases, as the observed probabilities fall below the diagonal. The p-value of
<0.001 further suggests that the model’s predictions are not well-calibrated.

Conversely, the semantically aware model (Figure 5.3) demonstrates
improved calibration, with a p-value of 0.031, suggesting better alignment
between predicted and observed probabilities. Although some miscalibration
remains, particularly for lower probability predictions, the reduction in the
range of deviations indicates that incorporating structured knowledge improves
the model’s ability to generate more reliable probability estimates.

The confusion matrices (see Table 5.2 and Table 5.3) provide a detailed
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Figure 5.1: Receiver Operating Characteristic with Bootstrap Confidence
Intervals Using the Test Set. Source: Author.

breakdown of predictions considering the selected thresholds.

Predicted Class
True Class Non-Sepsis Sepsis
Non-Sepsis 5277 117

Sepsis 128 99

Table 5.2: Confusion Matrix for Sepsis Prediction with Semantically Aware
Model

The classification metrics presented in Table 5.4 provide a comprehen-
sive comparison of the semantically aware and semantically unaware mod-
els. While the semantically unaware model achieves slightly higher accuracy
(0.959 vs. 0.956) and precision (0.492 vs. 0.458), the semantically aware model
demonstrates superior performance in other critical metrics that are partic-
ularly important in the context of sepsis prediction, such as recall, F1-score,
and Matthews Correlation Coefficient (MCC).

The marginally higher accuracy and precision of the semantically un-
aware model may seem advantageous at first glance. However, it is notorious
that accuracy can be misleading in imbalanced datasets, as it is heavily influ-
enced by the majority class, which in this case is non-septic patients. Similarly,
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Figure 5.2: Calibration Belt for the Semantically Unaware Model on the Test
Set. Source: Author.

Predicted Class
True Class Non-Sepsis Sepsis
Non-Sepsis 5327 67

Sepsis 162 65

Table 5.3: Confusion Matrix for Sepsis Prediction with Semantically Unaware
Model

the higher precision of the semantically unaware model indicates fewer False
Positives, but this comes at the expense of a much lower recall. For a task as
critical as sepsis prediction, the cost of missing True Positives (septic cases)
far outweighs the cost of flagging False Positives, as missing a septic case can
delay life-saving interventions. Thus, while precision and accuracy are impor-
tant, their clinical impact is overshadowed by metrics like recall and MCC,
where the semantically aware model excels.

The semantically aware model’s substantially higher recall (0.436 vs.
0.286) and F1-score (0.446 vs. 0.362) show that it is better equipped to iden-
tify septic cases while maintaining a reasonable trade-off between sensitivity
and specificity. Recall, in particular, is crucial in sepsis prediction because it
directly correlates with the model’s ability to minimize False Negatives—cases
where septic patients are misclassified as non-septic. Additionally, the seman-
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Figure 5.3: Calibration Belt for the Semantically Aware Model on the Test Set.
Source: Author.

tically aware model’s superior MCC (0.424 vs. 0.356) highlights its overall
robustness and balanced performance in the imbalanced scenario, making it
more reliable for real-world clinical use. By leveraging domain-specific knowl-
edge through ontological embeddings, the semantically aware model captures
nuanced relationships in clinical notes, leading to better-informed predictions
and ultimately improving patient outcomes.

5.2
Model Performance Comparison and Interpretative Insights

The predictive performance of Clinical KB BERT shows a notable im-
provement over Clinical BERT, as reflected in the ROC-AUC values. Clinical
BERT achieved an ROC-AUC of 0.8265 (95% CI: 0.7956, 0.8532), while Clin-
ical KB BERT reached an enhanced ROC-AUC of 0.8532 (95% CI: 0.8267,
0.8785). This increase demonstrates Clinical KB BERT’s ability to leverage
domain-specific ontological knowledge, improving contextually accurate pre-
dictions and particularly benefiting cases with complex risk profiles.

Further analysis of individual cases highlights Clinical KB BERT’s ad-
vantage in capturing high-risk sepsis cases missed by Clinical BERT. Specifi-
cally, Clinical KB BERT correctly identified sepsis in 37 instances that Clinical
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Table 5.4: Classification metrics results on the Test Set and 95% confidence
interval for each metric and model.

Classification Metric Semantically Aware Semantically Unaware
Result Bootstrapped 95% CI Result Bootstrapped 95% CI

Accuracy 0.956 (0.951, 0.961) 0.959 (0.953, 0.964)
Precision 0.458 (0.393, 0.528) 0.492 (0.407, 0.570)
Recall 0.436 (0.373, 0.500) 0.286 (0.229, 0.344)
F1-Score 0.446 (0.390, 0.503) 0.362 (0.296, 0.422)
MCC 0.424 (0.367, 0.483) 0.356 (0.290, 0.418)

BERT failed to predict, while only three cases were correctly identified by Clin-
ical BERT and missed by Clinical KB BERT.

5.3
Diving into Relevant Strata

To provide a comprehensive comparison of model performance, we ana-
lyzed the Electronic Health Records (EHRs) clinical notes from the test set,
dividing the cases into five distinct strata that represent different subsets of
data, thus providing a better way of analyzing the impact of the semantic
enrichment:

1. Correct predictions by both models: Cases where both semantically
aware and semantically unaware models correctly predicted sepsis. The
number of such cases was n = 5310.

2. Semantically-aware gains: Cases where the semantically aware model
correctly predicted sepsis (true positive and true negative), while the
semantically unaware model failed to identify it (false negative and false
positive). There were n = 66 such cases.

3. Positive semantically-aware misses: Cases where the semantically
aware model misclassified a sepsis case (false negative), but the semanti-
cally unaware model succeeded (true positive). The number of such cases
was n = 3.

4. Incorrect predictions by both models: These are cases where both
the semantically aware model and the semantically unaware model failed
to correctly predict sepsis. There were n = 163 such cases observed in
the test dataset.

5. Semantically-aware misses: Cases where the semantically unaware
model correctly identified positive and negative cases at the same time
that the semantically aware model misclasified these cases. There were
n = 82 cases in the test dataset.
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In each scenario, we analyzed the predictive entropy of sepsis predictions
for both models. This analysis aimed not only to evaluate whether the models
made correct or incorrect classifications but also to assess their confidence
levels as reflected by the predictive entropy.

5.3.1
Correct predictions by both models

In the strata where both models correctly predicted outcomes (septic and
non-septic cases) (Figure 5.4), the violin plot highlights differences in the dis-
tribution of predictive entropies between the two models. The semantically un-
aware model exhibits higher predictive entropy values, which suggests greater
variability and less certainty in its predictions. This variability may be linked
to its embedding process of clinical texts, which does not incorporate external
semantic relationships, potentially leading to noisier internal representations.

In contrast, the semantically aware model produces lower predictive en-
tropy values, indicating more consistent predictions across cases. The distribu-
tion for this model shows a tighter interquartile range (IQR) and fewer high-
entropy outliers, reflecting a more concentrated range of uncertainty. These
observations are consistent with the structured information included during
its training, which could contribute to more stable internal representations.

The differences in entropy distributions between the models suggest that
the inclusion of external knowledge in the training process may affect the
variability of predictions. This variability is observed not only in the central
tendency of entropy values but also in their spread, as seen in the violin plot.

Figure 5.4: Comparison of predictive entropies for correct predictions (septic
and non-septic cases) by both models. Source: Authors.
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5.3.2
Semantically-aware gains

When analyzing the strata of semantically-aware gains, we observed 66
critical cases where the semantically aware model correctly predicted sepsis,
while the semantically unaware model misclassified these same cases.

In the scenario illustrated in Figure 5.5, we analyzed the predictive
entropy for cases where the semantically aware model correctly identified both
septic and non-septic outcomes, while the semantically unaware model failed.
This subset contained a total of 66 cases, of which 37 were septic. This is
notable, as septic cases in the entire dataset accounted for 227 out of 5,621
cases, reflecting a proportion of approximately 4.04%. In this subset, however,
septic cases represented 56.06% (37/66), highlighting the semantically aware
model’s ability to excel in identifying a disproportionately higher number of
septic cases in this scenario.

The violin plot in Figure 5.5 displays the distribution of predictive
entropies for these cases. The semantically aware model exhibits a tighter and
more consistent distribution of entropies, with a mean of 0.511, a median of
0.524, and an interquartile range (IQR) spanning from 0.512 to 0.529. This
narrow IQR and the absence of high-entropy outliers suggest that the model
made its predictions with high confidence and consistency. In contrast, the
semantically unaware model, which failed in these cases, demonstrated higher
overall entropy values (mean of 0.381, median of 0.406), with a much wider
IQR (0.237 to 0.513). This broader distribution indicates greater uncertainty
and variability in its predictions, which may have contributed to its failure to
correctly classify these cases.

The enrichment of septic cases within this subset further emphasizes
the differences in model behavior. The semantically aware model’s ability
to produce confident and correct predictions in cases where septic outcomes
are overrepresented suggests that its embeddings, enriched with structured
semantic knowledge, may provide more reliable representations for detecting
challenging cases. This performance stands in stark contrast to the variability
and uncertainty seen in the semantically unaware model’s entropy distribution.

Overall, the analysis of predictive entropy distributions in this subset
reveals a clear distinction between the models’ performance, particularly in
scenarios where the correct identification of septic cases is critical.

In the scenario illustrated in Figure 5.5, we analyzed the predictive
entropy for cases where the semantically aware model correctly identified both
septic and non-septic outcomes, while the semantically unaware model failed.
This subset contained a total of 66 cases, of which 37 were septic. This is
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Figure 5.5: Comparison of predictive entropies for cases which only the
semantically aware model predicted correctly. Source: Authors.

notable, as septic cases in the entire dataset accounted for 227 out of 5,621
cases, reflecting a proportion of approximately 4.04%. In this subset, however,
septic cases represented 56.06% (37/66), highlighting the overrepresentation of
septic cases in scenarios where the semantically aware model excelled.

The violin plot in Figure 5.5 displays the distribution of predictive
entropies for these cases. The semantically aware model exhibits a tighter and
more consistent distribution of entropies, with a mean of 0.511, a median of
0.524, and an interquartile range (IQR) spanning from 0.512 to 0.529. This
narrow IQR and the absence of extreme entropy values suggest that the model
made its predictions with higher confidence and consistency. In contrast, the
semantically unaware model, which failed in these cases, demonstrated lower
overall entropy values (mean of 0.381, median of 0.406), but with a much wider
IQR (0.237 to 0.513). This broader distribution indicates greater variability in
its predictive entropy, reflecting a lack of consistency.

5.3.3
Positive semantically-aware misses

We refer to the cases where the semantically aware model misclassified
a sepsis case (false negative) while the semantically unaware model succeeded
(true positive) as Positive Semantically-Aware Misses. Such instances
were extremely rare, with only n = 3 cases observed across the entire dataset.
Given the limited number of occurrences, it was not meaningful to include a
visualization for this subset.

The small number of Positive Semantically-Aware Misses highlights
how infrequently the semantically unaware model outperformed the semanti-
cally aware model in sepsis predictions. Table 5.5 provides the predicted prob-
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abilities (ŷ) and predictive entropy for each case. Here, ŷ represents the prob-
ability predicted by the respective model. As seen in the table, the predictive
entropy for the semantically aware model was consistently higher than that of
the semantically unaware model, indicating greater uncertainty in the former’s
incorrect predictions.

Table 5.5: Positive semantically-aware misses predicted probabilities and pre-
dictive entropies.
Case ŷ Predictive Entropy

Semantically Aware Semantically Unaware Semantically Aware Semantically Unaware
1 0.042 0.664 0.389 0.192
2 0.025 0.614 0.432 0.132
3 0.284 0.489 0.505 0.516

5.3.4
Incorrect predictions by both models

In the subset of n = 163 cases where both the semantically aware model
and the semantically unaware model failed to correctly predict sepsis, the
violin plot in Figure 5.6 shows the distribution of predictive entropies for these
shared incorrect predictions. While the overall distributions appear similar,
the semantically aware model demonstrates slightly higher predictive entropy
values compared to the semantically unaware model.

The semantically aware model has a mean predictive entropy of 0.293 and
an interquartile range (IQR) spanning from 0.131 to 0.483. In comparison, the
semantically unaware model has a slightly lower mean predictive entropy of
0.287 and a narrower IQR of 0.136 to 0.429.

These results suggest that, while both models made incorrect predictions,
the semantically aware model tended to exhibit higher uncertainty in its
decisions, as reflected by the elevated entropy values. This indicates that the
semantically aware model was less confident in its incorrect classifications,
which could be seen as a preferable behavior compared to confidently making
errors.

Higher predictive entropy values for the semantically aware model might
reflect a recognition of the complexity or ambiguity inherent in these cases,
where the model’s semantic knowledge influenced its decision-making process,
albeit without reaching a correct conclusion. Conversely, the lower entropy
values for the semantically unaware model suggest that it was more confident
in its incorrect predictions, which could indicate a lack of sensitivity to nuanced
patterns present in the data.
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Figure 5.6: Comparison of predictive entropies for incorrect predictions (septic
and non-septic cases) by both models. Source: Authors.

5.3.5
Semantically Aware Misses

The subset of Semantically Aware Misses refers to cases where the
semantically aware model misclassified sepsis outcomes, while the semantically
unaware model succeeded. In total, there were n = 82 such cases in the test
dataset, encompassing both septic and non-septic instances. As depicted in
Figure 5.7, the predictive entropy for the semantically aware model in this
subset was notably higher, with a mean of 0.511 and a median of 0.524,
compared to the semantically unaware model, which exhibited a lower mean
entropy of 0.381 and a median of 0.406. The interquartile range (IQR) was
also narrower for the semantically aware model (0.512 to 0.529), indicating a
more concentrated distribution of uncertainty.

This higher predictive entropy suggests that, in cases where the seman-
tically aware model produced incorrect predictions, it demonstrated a higher
degree of uncertainty compared to the semantically unaware model. This be-
havior aligns with the expectations of a model that integrates semantic knowl-
edge, as the increased uncertainty may reflect the model’s recognition of the
complexity or ambiguity in these cases. In contrast, the lower entropy values
for the semantically unaware model indicate overconfidence in its incorrect
predictions, highlighting its inability to discern the nuances present in these
challenging cases.

5.4
Threats to Validity

This study faces several threats to validity that should be acknowledged.
First, the choice of the compared models—Clinical KB BERT and Clinical
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Figure 5.7: Comparison of predictive entropies for Semantically Aware Misses.
Source: Authors.

BERT—introduces the potential for model selection bias. While these models
were selected for their relevance to the clinical domain, other large language
models or techniques for incorporating structured knowledge might yield
different results. Future work could explore a broader range of models to assess
whether the observed benefits of semantic enrichment are consistent across
architectures.

Second, the dependency on the MIMIC-III dataset poses a challenge to
external validity. Although widely adopted to evidence successful advances in
healthcare data analysis, since it encompasses a diverse and very large pop-
ulation of real ICU patients and contains highly granular (both structured
and unstructured) data, MIMIC-III is specific to a single healthcare institu-
tion and reflects documentation practices and patient demographics from a
(considerably long, yet still particular) time period. This may limit the gener-
alizability of the findings to other healthcare systems or datasets with different
populations and practices.

Furthermore, the study’s focus on sepsis prediction raises concerns about
domain-specific generalizability. While the integration of ontologies demon-
strated clear benefits for this task, it is unclear whether similar gains would
be observed in other clinical or non-clinical predictive tasks. Evaluating the
performance of semantically enriched embeddings across a broader range of
domains could provide more robust evidence of their utility.

Finally, the dataset’s class imbalance, with a significantly smaller propor-
tion of septic cases compared to non-septic cases, could influence the results.
Although this imbalance reflects clinical reality, it may lead to overly opti-
mistic metrics for the majority class and reduce sensitivity to the minority
class. We mitigated this limitation by using evaluation metrics and techniques
more suitable for imbalanced datasets, such as MCC. Other approaches to bal-
ance the data or improve model sensitivity to underrepresented classes could
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also be experimented in future studies.



6
Conclusion

This study experimentally demonstrates that ontologically enriched em-
beddings improve the prediction of sepsis in ICU patients. By integrating
domain-specific knowledge from the Unified Medical Language System (UMLS)
into the embedding process, the proposed BERT model (Clinical KB BERT)
achieved more accurate and less uncertain predictions over a baseline model
(Clinical BERT). Specifically, the semantically enriched model increased the
Area Under the Receiver Operating Characteristic Curve (AUC-ROC) from
0.826 to 0.853, while the mean predictive entropy for the entire test dataset
decreased from 0.159 to 0.142. Furthermore, the reduction in mean predictive
entropy was even more pronounced in cases where both models made correct
predictions, decreasing from 0.148 to 0.129. Noteworthily, the practical impacts
of these improvements include a substantial decrease in the number of false
negatives (from 162 to 128, out of 227 septic cases), emphasizing the ability
of the semantically aware model to reduce missed early diagnoses and improve
patient outcomes.

The stratified analysis further revealed that the semantically aware model
excelled in identifying septic cases that the baseline model failed to predict.
Analyzing the strata where both models made incorrect predictions, the
semantically aware model exhibited higher predictive entropy, reflecting a more
cautious approach to these challenging cases. This cautious behavior aligns
with the requirements of clinical contexts, where overconfidence in incorrect
predictions could lead to adverse outcomes.

6.1
Research Questions Revisited

This work successfully addressed the research questions presented in the
Introduction. Regarding RQ1, the integration of structured domain knowledge,
in the form of UMLS ontologies, demonstrably enhanced both the performance
and reliability of predictive models by means of higher F1-Score, Recall and
MCC, as well as lower predictive entropy.

For RQ2, the benefits of using semantically enriched embeddings were
quantified through improvements in AUC-ROC and reductions in predictive
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entropy.
Finally, concerning RQ3, the incorporation of structured semantic infor-

mation notably reduced false negatives, underscoring its critical role in miti-
gating harmful misclassifications in sepsis prediction.

These results reinforce the potential of ontological integration in advanc-
ing predictive modeling across high-stakes domains.

The results of this study highlight the potential of integrating structured
knowledge into predictive models, yet several directions for future research
remain open.

6.2
Future Work

A crucial avenue is the exploration of neuro-symbolic AI approaches
for improving explainability and reasoning in clinical decision-making. While
current deep learning models, including those used in this study, excel at
pattern recognition, they struggle with abstract reasoning and logical inference.
Neuro-symbolic AI aims to bridge this gap by combining the strengths of both
symbolic reasoning and neural networks Hamilton et al. (2024). Future work
could investigate hybrid architectures that incorporate structured knowledge
— such as ontologies — into learning pipelines, allowing models to engage in
explicit reasoning over medical concepts, rather than merely learning implicit
associations.

Additionally, this study demonstrated that semantically enriched em-
beddings improve predictive accuracy, yet post-hoc explainability remains a
challenge. Techniques such as rule extraction, counterfactual reasoning, and
logical constraints could be explored to interpret model decisions in a clini-
cally meaningful way. In high-stakes applications like sepsis prediction, under-
standing why a model makes a particular prediction is just as important as
the prediction itself.

Another key question for future research is the impact of different onto-
logical structures on model performance. The UMLS ontology, while extensive,
is relatively shallow and lacks well-defined axioms to support robust inferenc-
ing. An open question is whether richer, more foundational ontologies—such
as UFO (Guizzardi et al., 2022)—could further enhance performance. One hy-
pothesis worth testing is: Does the depth and richness of an ontology improve
downstream predictive accuracy and explainability?

Moreover, expanding the ontology’s graph structure before embedding
generation presents an intriguing possibility. Instead of directly encoding
UMLS relationships, one could experiment with reifying transitive relations
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and hierarchical structures prior to embedding computation. This would allow
models to better leverage indirect semantic relationships that may not be
explicitly represented in the raw textual data.

Beyond clinical applications, these methods should be evaluated in other
domains where structured knowledge is crucial. Domains such as cybersecurity,
finance, and legal reasoning require predictive models that can not only
classify but also justify their decisions in interpretable ways. Investigating how
ontology-based embeddings generalize to diverse settings could provide further
evidence of their broad applicability.

Lastly, while this study focused on predictive modeling, future work could
extend towards generative approaches that construct interpretable explana-
tions for model predictions. By integrating ontological knowledge with natural
language generation, it may be possible to create models that not only predict
sepsis but also generate human-readable justifications, enhancing trust and
adoption in clinical settings.

In conclusion, the integration of structured domain knowledge in machine
learning has shown significant promise, but several key questions remain. Fu-
ture research should explore richer ontological representations, neuro-symbolic
architectures, post-hoc explainability techniques, and generalizability across
domains. Addressing these challenges will further strengthen the role of on-
tologies in enhancing AI interpretability, reliability, and trustworthiness.

6.3
Final remarks

In conclusion, this study highlights the value of structured knowledge in
enhancing language models for critical domains. The integration of ontologies
advances the performance of predictive algorithms, while providing a foun-
dation for building more trustworthy and interpretable AI systems, paving
the way for innovations in data-driven decision-making applications across do-
mains.

6.4
Scientific contributions

This dissertation reflects a journey of scholarly contributions that evolved
through the development, application, and refinement of ontological ap-
proaches to enhance knowledge representation and predictive modeling. The
following works represent the key milestones in this trajectory:

– Creating ontologically-well founded conceptual models in the
COVID-19 domain: The work OntoCovid: Applying SABiO to con-
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ceptual modeling well grounded in the COVID-19 domain (Maddalena
and Baião, 2021) presented the preliminary version of OntoCOVID, an
ontology built using the SABiO methodology and well-founded in the
Unified Foundational Ontology (UFO). This study highlighted the crit-
ical need for explicit semantic definitions in integrating and analyzing
diverse COVID-19 datasets. By addressing semantic divergences across
datasets, this work laid the foundation for future applications of struc-
tured knowledge to real-world problems.

– Enhancing Machine Learning with Ontologies: Expanding upon
these principles, An Application of the Disease Ontology (DO) for Clus-
tering COVID-19 Hospitalizations in Rio de Janeiro (Maddalena and
Baião, 2022) explored how ontologies, specifically the Human Disease
Ontology (DO), can be leveraged to improve the semantic understand-
ing of data. This study introduced an innovative approach to enriching
similarity metrics between data instances, enabling machine learning al-
gorithms to move beyond numerical and categorical features to incorpo-
rate ontological semantics. This contribution marked a significant step
in bridging the gap between structured knowledge and machine learning.

– Systematic Analysis of Vaccination Impact Studies: The study
What We Talk About When We Talk About COVID-19 Vaccination Cam-
paign Impact: A Narrative Review (Hastenreiter Filho et al., 2023), which
I co-authored, examined the heterogeneity in methodologies and defi-
nitions within COVID-19 vaccination impact studies. By analyzing 18
studies across 48 countries, the review provided a comprehensive map-
ping of study designs, methodologies, and outcome variables, emphasiz-
ing the lack of terminological consensus in this domain. This work further
reinforced the importance of clear definitions and methodological trans-
parency in complex data-driven research.

– COVID-19 Mortality Dynamics in Brazil: The most recent study,
A Statistical Analysis of COVID-19 Mortality Dynamics (Villar et al.,
2024), applied advanced time series clustering and regression model-
ing techniques to analyze the interplay between vaccination trends, so-
cioeconomic factors, and government interventions in Brazil. This work
provided critical insights into the regional disparities and dynamics of
COVID-19 mortality, highlighting the broader implications of structured
analysis for policymaking and public health strategies.

These contributions collectively demonstrate the evolution of my research,
starting from the theoretical development of ontological frameworks to their
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practical application in machine learning and public health analysis. They
underscore the potential of structured knowledge to address complex challenges
in data integration, predictive modeling, and decision-making across diverse
domains. This body of work has culminated in the methodologies and findings
presented in this dissertation, providing a foundation for future research in
semantically enriched modeling.
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