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Abstract. 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 un-
structured 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 in-
tegrating 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 sep-
tic cases), emphasizing the ability of the semantically aware model in reducing missed early diagnoses, and improving patient
outcomes.
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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 [1]. Research has demonstrated that early detection of sepsis,
followed by the prompt initiation of antibiotic treatment, significantly improves patient outcomes [2].
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 models
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 [3].

Electronic Health Records (EHRs) provide a valuable source of information 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 [3].

Textual embedding techniques are a vital component of Large Language Models. They provide a nu-
merical 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 vec-
tors 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 summariza-
tion, question answering, and text classification [4].

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 abil-
ity to address sub-word info and out-of-vocabulary (OOV) words [5]. The size of the vocabulary and
the dimensionality of the embeddings greatly influence the quality and utility of the resultant vectors.
These techniques 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) [6] - which attempt
to incorporate contextual nuances by considering the surrounding words in a sentence — and the Clinical
BERT [7] - which is trained in the Medical Information Mart for Intensive Care (MIMIC) III database
clinical notes [8].

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 between terms, especially in specialized fields like biomedicine or customer anal-
ysis, where precise terminology is crucial [9]. Additionally, addressing 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 irrelevant responses. In-
tegrating 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
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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 applica-
tions [10-12]. Such studies have shown promising results in improving the accuracy and depth of data
interpretation in several domains, including risk assessment [13—16], emergence capability [17], and
knowledge-intensive processes [18].

To face the challenges of leveraging structured and unstructured clinical data for sepsis prediction, this
study explores the integration of ontologies into language models by means of three research questions
(RQ). First, it investigates how embedding structured domain knowledge, such as ontologies, can en-
hance the performance and reliability of predictive models (RQ1). Second, it suggests how to measure
the benefits of using semantically enriched embeddings, particularly in terms of improving predictive
accuracy and reducing uncertainty (RQ?2). 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).

Table 1
Research Questions
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?

These research questions, summarized in Table 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 experiment 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 Uni-
fied 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, including higher
prediction accuracy, measured in terms of both AUC-ROC and Matthews correlation coefficient (MCC)
and reduced prediction uncertainty, measured using entropy-based methods [19].

This work is structured as follows. Section 3 introduces Clinical BERT and Clinical KB BERT, high-
lighting their respective architectures and features. Section 4 details the Materials and Methods applied
to implement the gated recurrent unit (GRU) architecture used as the foundation of both predictive mod-
els, alongside an explanation of the MIMIC-III dataset and data preprocessing steps that were performed.
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Section 5 presents the experimental findings, including a detailed analysis of specific case groups, pro-
viding insight into how semantic enrichment improves prediction performance and model interpretabil-

ity.

2. Theoretical Background
2.1. Sepsis Prediction

Sepsis is a life-threatening condition that arises when the body’s immune system overreacts to an
infection, causing widespread inflammation and potentially 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” [1]. 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 outcomes, as studies have demon-
strated that prompt administration of antibiotics and other treatments significantly reduces mortality rates
[2]. Despite advances in medical practice, the timely prediction of sepsis remains a challenging prob-
lem, owing to its heterogeneous presentation and the complex interplay of physiological, laboratory, and
clinical factors involved in its diagnosis.

2.2. 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 [8]. The labeling process consists of the following steps:

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

o 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 (D

o 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 (SOFAypos = 0).

o 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.

e 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.
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2.3. 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, lim-
iting their ability to capture complex temporal and contextual relationships that are crucial for accurate
predictions.

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

There is a growing body of work focused on augmenting Large Language Models (LLMs) with struc-
tured knowledge, reflecting the increasing importance and momentum of this rapidly evolving field [?
]. Notable examples include CoDEx [20], 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 likelihood estimation. Similarly, in [21], embeddings are enhanced by combining hierar-
chical LLM-generated representations—spanning word, sentence, and document levels—with graph em-
beddings using Quaternion-based 4D hypercomplex vectors. Another significant contribution involves
integrating vision and graph encoders to create multimodal knowledge graph embeddings, generating
substantial improvements in downstream task performance [22]. Additionally, shared transformer-based
encoders jointly optimize knowledge graph embedding objectives and masked token pretraining, align-
ing language processing with knowledge graph tasks [23].

Despite all these advances, Sepsis prediction continues to be a challenging problem, as shown in [? ],
where the authors review machine learning approaches combining structured and unstructured data for
this purpose. While these approaches improved the identification and early detection of sepsis, none of
them explores the potential of structured knowledge integration, such as ontologies, to address this issue.
Instead, the reliance on standard 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 structured knowledge with LLMs.
The contribution of our study is twofold: first, while they primarily target general-purpose applications
or multimodal knowledge integration, we emphasize the integration of domain-specific ontologies to
enhance semantic understanding in predicting sepsis; second, while existing studies often utilize knowl-
edge graphs, our study leverages the Unified Medical Language System (UMLS) ontology to embed
structured clinical knowledge into the language model directly. Thus, our approach applies ontological
integration specifically to improve predictive accuracy and reduce uncertainty in clinical NLP tasks.

3. Related Work

There is a growing body of work focused on augmenting Large Language Models (LLMs) with struc-
tured knowledge, reflecting the increasing importance and momentum of this rapidly evolving field [12].
Notable examples include CoDEX [20], which introduces an innovative model-agnostic loss function en-
abling Knowledge Graph Embedding (KGE) models to leverage the textual context of LLMs for more
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accurate triple likelihood estimation. Similarly, in [21], embeddings are enhanced by combining hierar-
chical LLM-generated representations—spanning word, sentence, and document levels—with graph em-
beddings using Quaternion-based 4D hypercomplex vectors. Another significant contribution involves
integrating vision and graph encoders to create multimodal knowledge graph embeddings, generating
substantial improvements in downstream task performance [22]. Additionally, shared transformer-based
encoders jointly optimize knowledge graph embedding objectives and masked token pretraining, align-
ing language processing with knowledge graph tasks [23].

Beyond knowledge graph integration, structured domain knowledge has been explored in machine
learning pipelines to improve model generalization and adherence to clinical guidelines. (author?)
[24] highlight the necessity 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 different stages of the machine learning pipeline, under-
scoring the benefits of incorporating medical domain rules, causal networks, and structured intervals in
predictive modeling. Similarly, (author?) [25] propose a framework for embedding conceptual models
into data science workflows, illustrating how structured knowledge can support machine learning appli-
cations in healthcare. By combining conceptual modeling with machine learning, they emphasize the
potential of ontologies to provide meaningful constraints, improving the interpretability and reliability
of Al-driven predictions.

Despite all these advances, Sepsis prediction continues to be a challenging problem, as shown in [3],
where the authors review machine learning approaches combining structured and unstructured data for
this purpose. While these approaches improved the identification and early detection of sepsis, none of
them explores the potential of structured knowledge integration, such as ontologies, to address this issue.
Instead, the reliance on standard 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 structured knowledge with LLMs.
The contribution of our study is twofold: first, while they primarily target general-purpose applications
or multimodal knowledge integration, we emphasize the integration of domain-specific ontologies to
enhance semantic understanding in predicting sepsis; second, while existing studies often utilize knowl-
edge graphs, our study leverages the Unified Medical Language System (UMLS) ontology to embed
structured clinical knowledge into the language model directly. Thus, our approach applies ontological
integration specifically to improve predictive accuracy and reduce uncertainty in clinical NLP tasks.

4. Methods and Materials

As Mealy [26] 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 rela-
tionships) 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 conceptualization”
[27]. As an artifact, it offers a structured representation 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 represented is both contextually relevant and interpretable.
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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 [28] 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 [29] into the Clinical BERT model; a detailed pipeline of this model is depicted in Figure 1.

Bufferin 325 MG [P0 _

+==I0 ingrag, e [EEBE—— Mumps Vaccine
Knowledge Graph Oral Tablet - iy b breates m*

e o —_— Stage LA

(Fever, may be treated with, Aspirin) {Mumps Vaccine, contraindicated with disease, Fever)

Triplets
(Aspirin, active ingredient of, Aspirin)
Fms\
Regular BERT Clinical KB Bert

Special Tokens MNew special token Special Tokens
[CLS], [SEF] and [PAD] [CLS]. [SEP], [PAD] and [relation]
R
L., masked language prediction loss Loss: modification L, masked language prediction loss

L., next sentence prediction loss L,, next sentence prediction loss
Total loss: L = Ly, + L, e L, triple classification loss
Total loss: L = Ly, + Ly + Ly,

Fig. 1. Clinical KB Bert Pipeline. Source: Authors.
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Methodologically, Clinical KB BERT integrates domain knowledge from the Unified Medical Lan-
guage System (UMLS) into the pre-training process of the Clinical BERT model [28]. This integration
is achieved through a novel joint training approach, where both masked language modeling (MLM) and
knowledge base (KB) modeling tasks are optimized simultaneously. The key steps in the pipeline can be
summarized as follows:

(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 [29]. UMLS is represented
in a multi-relational graph, with nodes corresponding 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 (conceptl,
relation, concept2). These triplets are then encoded into input sequences for the transformer model,
formatted as: [CLS] conceptl [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 (L,,), the next sentence prediction loss (L,), and a triplet classification loss
(L,). 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 = 4L,, + L, + L,, ensuring
balanced learning of linguistic and knowledge-based representations.

(4) Negative Sampling for Triplets: To address the sparsity of valid UMLS triplets, a negative sam-
pling 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 spe-
cific clinical NLP tasks, such as named entity recognition (NER) and natural language inference
(NLD) [28]. 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 mod-
eling 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 Fl-score improved by up to 1.0% [28]. 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 Clinical KB BERT by incorpo-
rating it into a predictive modeling framework for sepsis prediction. Specifically, the study leverages the
model’s semantically enriched embeddings to enhance the representation of clinical notes, integrating
these with structured physiological and demographic data to improve prediction 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 structured ontological knowledge,
when integrated with advanced language modeling techniques, can improve model interpretability, re-
duce 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 high-
lighted by [30], ROC-AUC measures a model’s discriminatory ability, summarizing its capacity to differ-
entiate 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 superior
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) [31] 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 posi-
tives, 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 predictive entropy. As discussed by
[19], 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
[32], prediction model reliability is closely tied to its accuracy and can be effectively evaluated using
measures like predictive entropy. Lower entropy values signify more reliable predictions, as they reflect
reduced uncertainty and a higher likelihood that the model’s outputs align with the ground truth. In
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 dependable decision-making can have direct implications for patient care.

Beyond classification performance and uncertainty measures, this study also evaluated model calibra-
tion, which assesses how well predicted probabilities align with actual outcomes [33]. 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 discriminative 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. Overesti-
mated risks may lead to unnecessary interventions, increasing healthcare costs and resource allocation
inefficiencies, while underestimated risks can delay crucial treatments, worsening patient outcomes. As
highlighted by (author?) [33], calibration impacts clinical usefulness, which considers the practical im-
plications 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.
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To ensure that the predictions made by both models are reliable, this study examines their calibration
across different probability ranges, identifying 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 meaningful clinical thresholds. By integrat-
ing structured knowledge, the semantically aware model demonstrates improved predictive confidence,
which, in turn, enhances the practical value of Al-driven sepsis risk assessment in intensive care settings.

Ultimately, the combination of ROC-AUC, MCC, predictive entropy provides a comprehensive as-
sessment of model performance, balancing discriminatory power, reliability, and confidence in predic-
tions. The improvements observed 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.

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 [1], 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 Phys-
ioNet/Computing in Cardiology Challenge 2019 [34], which focused on early sepsis prediction. Specif-
ically, 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 2, 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 semantically 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.

4.3. Model Architecture Details

The GRU-based architecture used in this study was implemented with TensorFlow [35], leveraging its
robust tools for building and optimizing deep learning models. The training process employed the Adam
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Table 2

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 (°C)
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 pco2 millimeters of mercury (mmHg)
arterial blood
Oxygen Saturation from arterial 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 het %
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

optimizer [36] 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 dependencies 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 computational efficiency, allowing the
model to effectively process sequential data while minimizing the risk of overfitting. By combining
GRU layers with dense layers, 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 struc-
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tured 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 GitHub!, ensuring
transparency and facilitating reproducibility for future studies.

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 prediction. Following the methodology presented in section 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 metrics were selected to ensure that the analysis captured both the
models’ overall 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 probabilities. This analysis provides insights into whether the
models systematically overestimate or underestimate sepsis risk, ensuring that their probability outputs
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.

1https:// github.com/lucasmadda/EvaluatingOntologically AwareLargeLanguageModels/
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Table 3
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
| \% 0.807 0.803
T 0.839 0.833
) A% 0.822 0.805
T 0.872 0.826
3 A% 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 A% 0.786 0.794
T 0.873 0.881
7 v 0.786 0.780
T 0.845 0.827
3 \% 0.797 0.793
T 0.852 0.837

These results, summarized in table 3, 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 valida-
tion folds. Also, figure 2 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, 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
3 and figure 4 illustrate the calibration curves for the semantically unaware and semantically aware
models, respectively.

The calibration belt for the semantically unaware model (Figure 3) exhibits significant deviations from
the ideal calibration line (bisector), particularly in the mid-range probability region. The confidence
intervals indicate that the model tends to underestimate the probability of sepsis onset for certain 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 4) 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

O 0 J o U w N

W W W W W W W wWw N DD DD NDNDDNDDND NP P P P PR R R
B e N T © 2 B S O i O B e e L e e e e T 2 e e 8 B N R e & B e e ) S N S GV R S R =)

38
39
40
41
42
43
44
45
46



0 J o 0w N

11
12
13
14
15
16
17
18
19
20
21
22

24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46

14 L. Gomes Maddalena et al. / Evaluating Ontologically-Aware LLMs: An Experiment in Sepsis Prediction

Receiver Operating Characteristic with Bootstrap Confidence Intervals

1.0

0.8 7

0.6

True Positive Rate

0.4 1

0.2
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Fig. 2. Receiver Operating Characteristic with Bootstrap Confidence Intervals Using the Test Set. Source: Author.

of deviations indicates that incorporating structured knowledge improves the model’s ability to generate

more reliable probability estimates.

The confusion matrices (see table 4 and table 5) provide a detailed breakdown of predictions consid-

ering the selected thresholds.

Predicted Class
True Class | Non-Sepsis | Sepsis
Non-Sepsis 5277 117
Sepsis 128 99
Table 4

Confusion Matrix for Sepsis Prediction with Semantically Aware Model

Predicted Class
True Class | Non-Sepsis | Sepsis
Non-Sepsis 5327 67
Sepsis 162 65
Table 5

Confusion Matrix for Sepsis Prediction with Semantically Unaware Model

The classification metrics presented in table 6 provide a comprehensive comparison of the semanti-
cally aware and semantically unaware models. 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 demon-
strates superior performance in other critical metrics that are particularly important in the context of
sepsis prediction, such as recall, F1-score, and Matthews Correlation Coefficient (MCC).
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Calibration Belt - Semantically Unaware Model
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Fig. 3. Calibration Belt for the Semantically Unaware Model on the Test Set. Source: Author.

The marginally higher accuracy and precision of the semantically unaware model may seem advanta-
geous at first glance. However, it is notorious that accuracy can be misleading in imbalanced datasets,
as it is heavily influenced by the majority class, which in this case is non-septic patients. Similarly, 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 important, 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 identify 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 semantically 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 knowledge through ontological
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Calibration Belt - Semantically Aware Model
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Fig. 4. Calibration Belt for the Semantically Aware Model on the Test Set. Source: Author.

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 improvement 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 Clinical 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 knowl-
edge, improving contextually accurate predictions and particularly benefiting cases with complex risk
profiles.

Further analysis of individual cases highlights Clinical KB BERT’s advantage in capturing high-risk
sepsis cases missed by Clinical BERT. Specifically, Clinical KB BERT correctly identified sepsis in
37 instances that Clinical BERT failed to predict, while only three cases were correctly identified by
Clinical BERT and missed by Clinical KB BERT.
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Table 6

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)

5.3. Diving into Relevant Strata

To provide a comprehensive comparison of model performance, we analyzed the Electronic Health
Records (EHRSs) 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 semantically 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.

In each scenario, we analyzed the predictive entropy of sepsis predictions for both models. This anal-
ysis 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.

5.4. Correct predictions by both models

In the strata where both models correctly predicted outcomes (septic and non-septic cases) (Figure 5),
the violin plot highlights differences in the distribution of predictive entropies between the two models.
The semantically unaware model exhibits higher predictive entropy values, which suggests greater vari-
ability 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 entropy values, indicating more
consistent predictions across cases. The distribution for this model shows a tighter interquartile range
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(IQR) and fewer high-entropy outliers, reflecting a more concentrated range of uncertainty. These obser-
vations 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.

Model
D Semantically Unaware

0.5 [ Semantically Aware

0.3

0.2

Predictive Entropy

0.1

Semantically Unaware Semantically Aware
mean=0.148, median=0.108, Q1=0.078, Q3=0.180 mean=0.129, median=0.091, Q1=0.062, Q3=0.152

Model

Fig. 5. Comparison of predictive entropies for correct predictions (septic and non-septic cases) by both models. Source: Authors.

5.5. Semantically-aware gains

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

In the scenario illustrated in Figure 6, we analyzed the predictive entropy for cases where the seman-
tically 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 no-
table, 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 6 displays the distribution of predictive entropies for these cases. The se-
mantically 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
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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 be-
tween the models’ performance, particularly in scenarios where the correct identification of septic cases
is critical.

Maodel
0.6 B Semantically Unaware
B semantically Aware

0.5
0.4

0.3

0.2

Predictive Entropy

0.1

0.1
Semantically Unaware Semantically Aware
mean=0.381, median=0.406, Q1=0.237, Q3=0.513 mean=0.511, median=0.524, Q1=0.512, Q3=0.529

Model

Fig. 6. Comparison of predictive entropies for cases which only the semantically aware model predicted correctly. Source:
Authors.

In the scenario illustrated in Figure 6, we analyzed the predictive entropy for cases where the seman-
tically 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 no-
table, 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 6 displays the distribution of predictive entropies for these cases. The se-
mantically 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.

5.6. Positive semantically-aware misses

We refer to the cases where the semantically aware model misclassified a sepsis case (false nega-
tive) while the semantically unaware model succeeded (true positive) as Positive Semantically-Aware
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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 semanti-
cally unaware model outperformed the semantically aware model in sepsis predictions. Table 7 provides
the predicted probabilities (y) and predictive entropy for each case. Here, y represents the probabil-
ity 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 7
Positive semantically-aware misses predicted probabilities and predictive entropies.
Case i 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

5.7. Incorrect predictions by both models

In the subset of n = 163 cases where both the semantically aware model and the semantically un-
aware model failed to correctly predict sepsis, the violin plot in Figure 7 shows the distribution of
predictive entropies for these shared incorrect predictions. While the overall distributions appear simi-
lar, 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.

5.8. Semantically Aware Misses

The subset of Semantically Aware Misses refers to cases where the semantically aware model mis-
classified 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
8, 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
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Model

Fig. 7. Comparison of predictive entropies for incorrect predictions (septic and non-septic cases) by both models. Source:
Authors.

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 semantically aware model produced
incorrect predictions, it demonstrated a higher degree of uncertainty compared to the semantically un-
aware model. This behavior aligns with the expectations of a model that integrates semantic knowledge,
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.

Model
0.6 [0 Semantically Unaware
0 Semantically Aware

0.5
0.4

0.3

0.2

Predictive Entropy

0.1

Semantically Unaware Semantically Aware
mean=0.381, median=0.406, Q1=0.237, Q3=0.513 mean=0.511, median=0.524, Q1=0.512, Q3=0.529

Model

Fig. 8. Comparison of predictive entropies for Semantically Aware Misses. Source: Authors.
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5.9. Threats to Validity

This study faces several threats to validity that should be acknowledged. First, the choice of the com-
pared models—Clinical KB BERT and Clinical 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 population of real ICU patients and contains highly granular (both structured and
unstructured) data, MIMIC-III is specific to a single healthcare institution and reflects documentation
practices and patient demographics from a (considerably long, yet still particular) time period. This may
limit the generalizability 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 generaliz-
ability. While the integration of ontologies demonstrated clear benefits for this task, it is unclear whether
similar gains would be observed in other clinical or non-clinical predictive tasks. Evaluating the per-
formance 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 proportion of septic cases com-
pared to non-septic cases, could influence the results. Although this imbalance reflects clinical reality, it
may lead to overly optimistic 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 balance the data or improve model sensitivity to underrep-
resented classes could also be experimented in future studies.

6. Conclusion

This study experimentally demonstrates that ontologically enriched embeddings improve the predic-
tion 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). Specifi-
cally, 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. Note-
worthily, 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.
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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 improve-
ments in AUC-ROC and reductions in predictive entropy.

Finally, concerning RQ3, the incorporation of structured semantic information notably reduced false
negatives, underscoring its critical role in mitigating harmful misclassifications in sepsis prediction.

These results reinforce the potential of ontological integration in advancing 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.

A crucial avenue is the exploration of neuro-symbolic Al 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 Al aims to bridge this gap by combining the strengths of both symbolic reasoning and neural
networks [37]. 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 embeddings improve predictive accu-
racy, 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 clinically meaning-
ful way. In high-stakes applications like sepsis prediction, understanding 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 ontological structures on model
performance. The UMLS ontology, while extensive, is relatively shallow and lacks well-defined axioms
to support robust inferencing. An open question is whether richer, more foundational ontologies—such
as UFO [38]—could further enhance performance. One hypothesis 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 intrigu-
ing possibility. Instead of directly encoding UMLS relationships, one could experiment with reifying
transitive relations and hierarchical structures prior to embedding computation. This would allow mod-
els 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 explanations 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 sig-
nificant promise, but several key questions remain. Future research should explore richer ontological
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representations, neuro-symbolic architectures, post-hoc explainability techniques, and generalizability
across domains. Addressing these challenges will further strengthen the role of ontologies in enhancing
Al interpretability, reliability, and trustworthiness.

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 foundation for building more trustworthy and interpretable Al systems, paving the
way for innovations in data-driven decision-making applications across domains.
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