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ABSTRACT

Manual ICD coding of clinical notes with International Classification
of Diseases (ICD) codes is a time-consuming and error-prone task,
yet critical for effective healthcare management, billing, and research.
This thesis investigates the use of Large Language Models (LLMs) to
automate the prediction and assignment of ICD codes from clinical
notes, aiming to enhance both the efficiency and accuracy of the pro-
cess while reducing the reliance on human coders.

We developed a novel approach to leverage the hierarchical struc-
ture of ICD codes, which reflects the nested and interrelated nature
of diagnoses, to improve the predictive capabilities of LLMs. By incor-
porating this hierarchical awareness, the model is better equipped to
capture the dependencies among medical codes, thereby minimizing
errors associated with irrelevant or less likely disease classifications.

Additionally, we implemented uncertainty estimation techniques
during the inference phase to assess the confidence of the model’s
predictions. By quantifying prediction uncertainty, we can identify
cases where the model may be less certain, providing valuable in-
sights into areas where human oversight might still be necessary.

Our results show that integrating hierarchical structures reduces
the likelihood of predicting irrelevant diseases that are distant from
the actual disease in the hierarchical tree, highlighting the potential
of this approach to improve ICD code assignment.

1ii






ACKNOWLEDGEMENTS

I would like to express my sincere thanks to my supervisors, Amira
Soliman, Awais Ashfaq, and Prayag Tiwari, for their outstanding guid-
ance throughout this thesis project. Their valuable insights, thought-
ful feedback, and continuous support were essential in guiding this
work and achieving a successful outcome.

I am also grateful to my examiners, Jens Lundstrom and Slawomir
Nowaczyk, who engaged in discussions with me throughout this
work. Their input and suggestions were crucial for refining my ideas
and moving the work forward. This thesis greatly benefited from their
feedback and support.

I am thankful to have had such dedicated and supportive individuals
alongside me on this journey.






CONTENTS

1

INTRODUCTION 1

1.1 Problem Formulation 2

1.2 Research Questions 3

RELATED WORK 5

2.1 Previous Approaches for ICD Coding 5
2.1.1  Traditional machine learning approach 5
2.1.2 Deep Learning Approaches 6
2.1.3 Large Language Models (LLMs) 6

2.2 Utilizing ICD Code Hierarchy for Distance Calcula-
tion 8

2.3 Addressing Non-Differentiable Loss Functions in Model
Training 9

2.4 Uncertainty 10

METHODOLOGY 13

3.1 LLMs Used in This Work 13

3.2 Dataset 16

3.3 Data Processing 16
3.3.1 Clinical notes processing 16
3.3.2 ICD-10 codes processing 17
3.3.3 Data splitting 17

3.4 Ts5-Base Model for ICD Coding 17

3.5 Using Task Prefixes in T5 for ICD Coding 18

3.6 Incorporating the ICD-10 Code Hierarchy into the Train-
ing Process 18
3.6.1 Define a Distance-based Loss Function 18
3.6.2  Overcoming the Challenge of Decoding Model

Output 23

3.7 Fine-Tuning T5 for ICD Coding 24

3.8 Evaluation Metrics 24
3.8.1 Total Distance (TD) 24
3.8.2 Irrelevant ICD Chapter (IIC) 25
3.8.3 Irrelevant ICD Block (IIB) 25
3.8.4 Irrelevant ICD Third-Level (IIT) 25

3.9 Model Uncertainty Estimation 25

3.10 Experimental Setting 27
RESULTS 29

4.1
4.2

Results of data analysis 29

Experimental Results 30
4.2.1  Comparison of LLMs and Input Lengths for ICD
Coding 31

4.2.2  Comparison of Different Chunking Strategies for
ICD Coding 32

vii



viii

CONTENTS

4.2.3 Comparison of Differentiable and Non-Differentiable
Distance-Based Loss Functions 33
4.2.4 Experiments with Distance-Based Loss Function
Alone 34
4.3 Results of Fine-Tuning T5 on ICD Coding 35
4.4 Uncertainty Results in ICD Code Prediction Using MCD
Method 39
DISCUSSION 45
5.1 Key Experimental Decisions and Insights 45
5.2 Hierarchical Structures and Prediction Accuracy 45
5.3 Uncertainty in Predictions 46
5.4 Clinical Implications 47

6 CONCLUSION 49

BIBLIOGRAPHY 51



LIST OF FIGURES

Figure 1

Figure 2
Figure 3
Figure 4

Figure 5

Figure 6

Figure 7

Figure 8

Figure 9

Figure 10

Encoder-decoder transformer architecture, il-
lustrating the flow of information. Left part is
the encoder, right part is the decoder. The en-
coder processes the input sequence into con-
textual representations using self-attention, while
the decoder generates the output sequence to-
ken by token, leveraging both self-attention and
cross-attention to align outputs with input fea-
tures. 14

Modifications introduced by T5 to the encoder-
decoder transformer architecture 15
Frequency distribution of the top 50 ICD-10
codes 30

Distribution of the counts of ICD-10 codes in
the clinical notes 30

Text length distribution of clinical notes in the
MIMIC-IV-ICD-10 dataset. The histogram illus-
trates the frequency of clinical notes catego-
rized by word count 31

Box plot of ICD-10 codes assigned across dif-
ferent word count ranges. The plot shows the
distribution of ICD-10 codes assigned to clini-
cal notes 32

Training dynamics with differentiable and non-
differentiable distance-based loss functions. 34
This figure illustrates the cumulative distances
between predicted and ground truth ICD codes
for clinical notes in the testing dataset. The x-
axis displays the sorted indices of clinical notes,
ordered by their cumulative minimum distances,
while the y-axis represents the cumulative min-
imum distance between predicted and ground
truth ICD codes. Lower cumulative distances
indicate closer matches to the ground truth codes,
highlighting the performance differences be-
tween the two models. 37

Comparison of irrelevant ICD chapter predic-
tions between T5-base and T5-HI models. 38
Distribution of irrelevant chapter predictions
(IIC) between Ts-base and T5-HI models. 38

ix



List of Figures

Figure 11
Figure 12

Figure 13

Distribution of irrelevant block predictions (IIB)
between T5-base and T5-HI models. 39
Distribution of irrelevant third-level predictions
(IIT) between T5-base and T5-HI models. 40
Predicted ICD-10 codes for a randomly selected
clinical note, displaying their corresponding un-
certainty values. Larger markers indicate higher
uncertainty values, and a color gradient from
dark red (low uncertainty) to dark blue (high
uncertainty) emphasizes the level of uncertainty
associated with each code. 41



LIST OF TABLES

Table 1

Table 2
Table 3

Table 4

Table 5

Table 6

Table 7

Table 8

Distance penalties for predicted ICD codes com-
pared to the ground truth code "Zg9o", using
both the original non-differentiable and the dif-

ferentiable approximated distance metrics. 22

MIMIC-IV-ICD-10 Dataset Statistics 29
Performance comparison of different LLMs and
configurations for ICD coding. T5-base with an
input length of 2500 achieved the highest F1
score 32

Performance comparison of different chunking
strategies for ICD coding using Ts-base with
an input length of 2500 tokens. 33

Results of comparison between the T5-base and
T5-HI models on the test dataset. While T5-
base achieves a higher F1 score, T5-HI demon-
strates better performance with lower TD and
fewer irrelevant predictions across other met-
rics. 36

F1 scores for ICD chapter predictions by Ts-
HI and Ts-base models. This table presents the
F1 scores for each ICD chapter, comparing the
performance of the T5-HI and T5-base models.
The chapter frequencies in the training dataset
are also included, highlighting the relationship
between the frequency of chapters and their
predictive accuracy. 42

Top 10 frequent ICD Codes in Training Data.
This table presents the ICD codes with their
corresponding uncertainty and frequency in the
training dataset, highlighting the relationship
between code frequency and prediction uncer-
tainty. 43

Top 10 low frequent ICD codes in training data.
This table presents the ICD codes with their
corresponding uncertainty and frequency in the
training dataset, illustrating the patterns of un-
certainty associated with less frequently encoun-
tered codes. 43

Xi



ACRONYMS

LLM Large Language Model

NLP Natural Language Processing

ICD International Classification of Diseases

ICD-9 International Classification of Diseases, Ninth Revision
ICD-10 International Classification of Diseases, Tenth Revision
MCD Monte Carlo Dropout

MIMIC-IV Medical Information Mart for Intensive Care IV

TD Total Distance

IIC Irrelevant ICD Chapter

B Irrelevant ICD Block

IIT Irrelevant ICD Third-Level

xii



INTRODUCTION

Clinical notes are free-text medical records generated by healthcare
specialists during patient visits. These notes are a rich source of in-
formation and contain valuable data, including symptoms, diagnoses,
laboratory tests, procedures and medications [19].

A widely used approach for ICD coding involves the use of Inter-
national Classification of Diseases (ICD) [52], a standardized coding
format supported by the World Health Organization (WHO) [52, 11].
ICD coding is a task that involves assigning proper ICD codes to
a clinical note, which result to classify and translate diagnoses and
health issues into a standardized coding format [52]. ICD coding for
the clinical note is an important aspect of healthcare as it enables ef-
ficient and standardized information retrieval and storage, enhances
decision-making processes, supports billing processes to ensure accu-
rate payments, and contributes to the overall quality of patient care
[11, 52, 16].

Currently, ICD coding is performed manually by trained coders[22].
This manual process poses challenges, including high costs and prone-
ness to errors, with an estimated annual expenses in the US, ap-
proaching $25 billion [50]. This is primarily due to the need for in-
dividuals with medical expertise and specialized ICD coding skills,
making coder training challenging and resource-intensive task. More-
over, accurately assigning proper codes to input clinical notes is also
challenging, even for professional coders, as a single document may
require multiple ICD codes. The task’s complexity is further com-
pounded by the vast number of codes in the ICD taxonomy. For ex-
ample, ICD version g (ICD-9) contains 18,000 codes, and ICD version
10 (ICD-10) contains 142,000 [11]. Additionally, manual ICD coding is
time-consuming, taking an average of 34 minutes to assign codes to
each patient [52].

As the volume of medical data increases, researchers are leveraging
various Natural Language Processing (NLP) techniques to automate
and semi-automate ICD coding aiming to enhance efficiency and ac-
curacy while reducing human effort and coding errors [52]. Tradi-
tional approaches, such as rule-based systems and classical machine
learning models, focus on extracting relevant information from clin-
ical texts and mapping it to appropriate ICD codes [28]. However,
these methods often struggle to handle the complexity and variabil-
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ity of clinical language, limiting their effectiveness in achieving full
automation [44].

Recent advancements in Artificial Intelligence (Al), particularly in
LLMs, have introduced new opportunities for automating ICD coding
[17]. These Al-driven models utilize deep learning to better under-
stand context and semantics, enabling more accurate and nuanced
predictions [16]. By integrating these models into automatic coding
systems, the performance and reliability of ICD coding can be im-
proved [32].

While full automation in ICD coding aims to eliminate human in-
tervention, it may face challenges in accurately capturing the nuanced
and complex nature of clinical data. These challenges can lead to legal
and ethical risks, as incorrect coding could result in improper treat-
ments, billing errors, or compromised patient care. Therefore, main-
taining human oversight is crucial to ensure responsible and ethical
use of automated systems. Healthcare professionals must leverage
their expertise to validate and adjust automated decisions, thereby
ensuring patient safety [39]. Semi-automatic coding offers a balanced
approach by combining machine capabilities with human expertise,
allowing for greater precision and the integration of critical contex-
tual insights. This approach recognizes the need for human involve-
ment in managing the complexities of medical coding, resulting in
more accurate ICD code assignments [45].

1.1 PROBLEM FORMULATION

This work explores the use of LLMs for predicting ICD codes from
clinical notes. The selection of LLMs is driven by their remarkable ca-
pability in NLP [21]. A key focus of our work involves investigating
how the hierarchical structure of ICD codes can be integrated into the
LLM generative model. ICD codes follow a tree-like structure, with
broader categories at higher levels and more specific diseases at lower
levels [8].

In ICD-10, there are 22 chapters, and its hierarchical coding sys-
tem includes chapters, blocks, three-character categories, and four-
character subcategories. The coding format can extend up to seven
characters. The first three characters represent the main disease cate-
gory, while the fourth through seventh characters, when present, pro-
vide additional detail to specify a particular diagnosis or clinical in-
formation within that disease category. For example, the ICD-10 code
hierarchy for hand and finger injuries (chapter S) includes a struc-
tured system that ranges from broad injury categories to specific fin-
ger injuries. This hierarchical coding system is organized as follows:
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Chapter level: Broad disease categories (Ex. S00-S99: Injuries to
different body regions).

Block level: Blocks within categories represent related condi-
tions, offering increased detail (Ex. S60-569: Injuries to the wrist,
hand, and fingers).

Three character codes: Further specificity, narrowing down to
specific conditions or disease groups (Ex. S63: Dislocation, sprain,
and strain of wrist and hand).

Four character codes: For certain diseases, a fourth level pro-
vides additional detail within the three-character code (Ex. S63.1:
Dislocation of the thumb).

The primary goal of this work is to explore how utilizing this hier-
archical structure can reduce prediction errors in healthcare coding.
Specifically, we aim to leverage this hierarchy to infer codes that are
reasonably close to the true labels, ensuring that errors are not com-
pletely off-target or dubious in nature. In addition, we will assess the
model’s prediction reliability during the inference phase by measur-
ing uncertainty, which will provide insights into cases where human
oversight may still be necessary.

The main objectives of this project are:

* Hierarchical structure utilization: Investigating the utilization of

the hierarchical structure in ICD codes to reduce the predictions
of irrelevant disease situated at considerable distances from the
actual disease in the hierarchical tree.

Uncertainty estimation: Exploring the use of uncertainty estima-
tion during the inference phase to understand prediction relia-
bility and identify cases needing human oversight.

1.2 RESEARCH QUESTIONS

Our research questions are:

1.

How can the hierarchical information of ICD codes be incorpo-
rated into model training?

How does the model awareness of the hierarchical structure of
ICD codes affect model predictions performance?

How can model uncertainty be estimated to improve our under-
standing of the model’s prediction reliability?

3






RELATED WORK

The automation of ICD coding has been a significant area of research
in the intersection of NLP and healthcare. Numerous studies have ex-
plored various methodologies to enhance the accuracy and efficiency
of ICD code prediction from clinical texts. This literature review pro-
vides an overview of the key advancements in this domain.

2.1 PREVIOUS APPROACHES FOR ICD CODING

The exploration of NLP, along with various machine learning and
deep learning methods, has been a focal point for addressing the
challenge of assigning ICD codes to clinical notes and aiding human
coders in accurate and efficient code assignment [22]. The challenge
of ICD coding was addressed as a text classification task [38, 51, 41,
16, 35]. This task involves a large set of labels, making it a complex
multi-label text classification problem [26, 11].

2.1.1 Traditional machine learning approach

Traditional Machine Learning (ML) methods like Logistic Regression
(LR), random forests, K-Nearest Neighbors (KNN) and Support Vec-
tor Machines (SVM) have played a significant role in ICD code assign-
ment [22].

In [28], a hierarchical SVM model was implemented to investigate
codes related to cancer in death certificates. In [1], LR was used to ad-
dress the task of predicting ICD-10-CM (Clinical Modification) codes
from electronic health records, where ICD-10-CM is a version of the
ICD-10 coding system used for diagnosis coding. The study focuses
on building a scalable machine learning system that addresses chal-
lenges related to imbalanced data. Two system architectures were im-
plemented, Convolutional Neural Networks (CNN) and LR model.
CNN proved effective for high-frequency codes, while LR model demon-
strated superior performance for low-frequency codes.

However, a significant challenge in utilizing traditional ML is the
need for extensive medical expertise during the feature selection stage.

Despite dedicated research efforts, there was considerable potential
to enhance the effectiveness and accuracy of these methods by deep
learning approaches [22].
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2.1.2  Deep Learning Approaches

Deep learning methods have proven to be more effective than tradi-
tional ML techniques, especially in feature engineering. Models such
as CNN and Recurrent Neural Networks (RNN) utilize hierarchical
structures to automatically extract significant features from raw data
through multiple layers of nonlinear transformations. Unlike tradi-
tional methods that rely on manually crafted features, deep learning
algorithms can directly learn complex patterns from raw input data
[55]. This capability enhances the accuracy of tasks like text and doc-
ument classification [25, 36].

The utilization of these deep neural networks has been a focal point
of interest for many researchers aiming to enhance the effectiveness
and accuracy of ICD code assignment [52]. The use of RNNs and
their variants such as Long Short-Term Memory (LSTM) is prevalent
in capturing sequential features in textual data [48]. In [3], a hierar-
chical LSTM was applied to transfer knowledge, intending to avoid
predicting incorrect subordinate ICD codes for a given parent ICD
code. In [32], CNN is used to introduce the MultiResCNN model,
a convolutional neural network with multiple filters and a residual
layer designed for the assignment of ICD-9-CM codes to discharge
summaries, where ICD-9-CM (Clinical Modification) refers to the ver-
sion of the ICD-g coding system used for diagnosis coding. The Mul-
tiResCNN utilizes a multi-filter convolutional layer to capture diverse
text patterns of different lengths, along with a residual convolutional
layer to enhance the receptive field. [9] utilized dilated convolution as
a mechanism to capture underlying semantic features. This technique
enables each kernel to cover a wide range of information by extending
the receptive field, enhancing the model’s ability to perceive clinical
content for accurate code assignment.

2.1.3 Large Language Models (LLMs)

In recent NLP research, LLMs using the transformer architecture have
become widely recognized, showing excellent performance in various
natural language understanding tasks [16, 35]. These models undergo
pretraining on extensive text datasets, aiming for different language
modelling goals. After pretraining, they are fine-tuned for specific
tasks, enabling them to excel in problems like classification [16] and
text generation [54].

Different transformer architectures used in LLMs such as encoder-
decoder, causal decoder, and prefix decoder. The main differences in
these architectures are related to the used transformer blocks and the
attention mechanism. The attention mechanism prioritizes significant
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input tokens by assigning them greater weights, thus directing the
model’s focus towards them while disregarding irrelevant tokens. In
transformers, attention computation involves generating query, key,
and value mappings for input sequences. The attention score is de-
rived from the multiplication of query and key, which is subsequently
utilized to determine the weighting of values. different attention ap-
proaches were used in LLMs such as Self-Attention, Cross-Attention,
and Sparse-Attention [43].

Various LLMs, such as BioBERT [30], BioGPT [37] and Clinical BERT
[17], have been adapted for biomedical tasks. These models are pre-
trained on text specific to medical domain to enhance performance
in downstream tasks, reporting enhanced performance in biomedical
tasks such as text mining, named entity recognition, and question an-
swering [30].

Despite the success of LLMs in various tasks, applying them to
large-scale multi-label classification, particularly in automatic ICD
coding, remains a challenge. One of the challenges , beside the main
challange of large set of labels, is the long input texts issue. Clinical
notes length often exceed the maximum sequence length set by LLMs,
leading to decreased performance upon truncation.

In [16], PLM-ICD model, that achieved state-of-the-art results, was
introduced. The challenge of long clinical notes in ICD coding was
addressed by efficiently handling them through text segmentation.
This approach enables the extraction of contextualized representa-
tions from each segmented chunk, which are then concatenated to
form a comprehensive document representation. The model employs
a label-wise attention mechanism to transform the document repre-
sentation into a label-specific form, enhancing its focus on relevant
information for each ICD code. The final step involves predicting
ICD code probabilities based on the transformed document represen-
tation.

In another study [35], The authors propose XR-LAT model, which
builds upon the baseline PLM-ICD architecture. This method uses a
waterfall training strategy, utilizing four sub-models with the same ar-
chitecture as the baseline PLM-ICD model. It employs a four-level hi-
erarchical code tree based on the ICD-9-CM structure (chapter, block,
category, code) to provide a structured representation of labels. Knowl-
edge transfer is facilitated through a bootstrapping method, where
trained model weights from higher levels initialize the weights of
lower levels, enhancing the learning process.
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In another research [54], the proposed model GPsoap is pretrained
to generate free-text Assessment and Plan (AP) sections from sub-
ject and object sections containing symptoms and lab results. Then,
generative fine-tuning is applied to convert the task into a sequence-
to-sequence problem, generating unique code descriptions. The gen-
erated code descriptions are then used to predict the corresponding
ICD codes.

A recent review study [11] conducted an extensive comparative
analysis of deep learning and LLM-based approaches for ICD coding.
Contrary to common assumptions, the study found that reducing the
length of clinical notes from 4,000 to 2,500 tokens had only a mini-
mal impact on performance. Additionally, it introduced a new parti-
tioning scheme for the MIMIC-III [20] and MIMIC-IV [19] datasets,
where codes with fewer than ten occurrences were eliminated, the
size of the test set was doubled, and multi-label stratified sampling
was employed for document selection. This splitting ensured that pa-
tients were present in either the training or testing set, but not both,
thereby refining data splits and standardizing evaluation benchmarks.
The study reported the results of six state-of-the-art models, includ-
ing PLM-ICD, LAAT, MultiResCNN, CAML, Bi-GRU, and CNN, on
the new proposed splits of MIMIC-III and MIMIC-IV datasets, estab-
lishing a benchmark for future studies.

2.2 UTILIZING ICD CODE HIERARCHY FOR DISTANCE CALCULA-
TION

The hierarchical structure of ICD codes has been a subject of inter-
est in healthcare informatics. Previous studies have highlighted the
potential benefits of incorporating this hierarchical structure into the

coding process [35] [8] [49].

Some studies have investigated methods to calculate the distances
between ICD codes in this hierarchical structure and using this dis-
tance to address specific issues. In [18], the distance between sets of
hierarchical taxonomic clinical concepts is used to measure patient
similarity.

In [15], the hierarchical distance d(x,y) between two icd codes, x
and y , is calculated as the minimum number of edges pmin(X,y)
normalized by the sum of their depths in the hierarchy (1(x) + l(y)).
This measure accounts for both the hierarchy depth and the direct
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connection between the two codes.
The formula is:

_ Pmin(xy)
d(x,y) = m (1)

A special case of this formula is when the Least Common Subsumer
(LCS) of two nodes x and y is the root node, then the minimum num-
ber of edges pmin(x,y) is equal to the sum of their depths (1(x) +
L(y)). In this scenario, the hierarchical distance d(x,y) becomes 1, in-
dicating the nodes are maximally distant.

In [13], the authors present a distance metric based on the hierar-
chical structure of the ICD tree to measure the distance between two
ICD codes. The study is limited to the first three digits of the ICD-10
codes. The distance between two codes of the same chapter is calcu-
lated by taking the absolute difference between their numeric parts
and multiplying by o.01. For any two codes from different chapters,
the distance is 1. For example, the distance between K20 and K29 is
equal to (29 - 20) * 0.01 = 0.09, and the distance between K20 and I10
is equal to 1. The distance range between two ICD codes is o to 1,
with 1 indicating maximum dissimilarity.

2.3 ADDRESSING NON-DIFFERENTIABLE LOSS FUNCTIONS IN MODEL
TRAINING

Loss functions are central to neural network training, providing a
quantitative measure of how well the model’s predictions match the
target outputs. For backpropagation, a widely used algorithm for
training neural networks, to function effectively, the loss function
must be differentiable [47]. Differentiability allows gradients to be
computed and propagated backward through the computational graph,
enabling the model to update its parameters in the direction that re-
duces error [47]. Non-differentiable loss functions, however, interrupt
this process, preventing gradient-based optimization by breaking the
computational graph [6]. This fundamental requirement is empha-
sized in discussions of backpropagation and gradient-based learning
methods [5] [47] .

Non-differentiable loss functions present significant challenges for
gradient-based optimization methods, such as backpropagation. To
address this, researchers have developed several strategies to approx-
imate these loss functions with differentiable alternatives, allowing
effective model training. In [10], the authors discuss gradient ap-
proximation techniques that estimate gradients for non-differentiable
functions, allowing optimization algorithms to proceed even when
the exact gradient cannot be computed. Various other methods have
been explored to approximate non-differentiable loss functions di-
rectly. For instance, in [40], the authors address the non-differentiability
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of the Contour Dice Coefficient (CDC) by training a secondary neural
network to approximate it. This differentiable approximation is com-
bined with Dice loss to improve segmentation results in medical imag-
ing tasks. Another study, [12], demonstrates the use of differentiable
proxies, where a neural network proxy replaces non-differentiable
ranking metrics like Spearman correlation, enabling their use in train-
ing. Surrogate loss models are particularly valuable when dealing
with loss functions that involve complex, non-smooth behavior or dis-
crete choices. These models approximate the non-differentiable loss
with a differentiable function, enabling the use of gradient-based op-
timization methods like backpropagation [56].

2.4 UNCERTAINTY

Given the critical and sensitive nature of ICD coding, it is essential
to minimize the potential for errors. To address this challenge, re-
search has explored uncertainty estimation techniques, which aim to
enhance the interpretability and reliability of model predictions [2].

In machine learning, uncertainty is typically categorized into two
types: aleatoric and epistemic. Aleatoric uncertainty, or data uncer-
tainty, arises from inherent randomness and noise within the data
itself. In contrast, epistemic uncertainty stems from limitations in the
model or the insufficiency of the data. Unlike aleatoric uncertainty,
epistemic uncertainty can be reduced by gathering more data or im-
proving the model [4].

Various techniques have been developed to quantify epistemic un-
certainty, including Bayesian neural networks, ensemble methods, and

Monte Carlo Dropout (MCD) [4]. Each of these methods offers dis-
tinct advantages and insights into model confidence.

Among these approaches, MCD has emerged as a outstanding method

for quantifying uncertainty in machine learning models [14, 23]. The
foundational work by Gal and Ghahramani introduced MCD as a
technique for approximating Bayesian inference in neural networks.
Their research demonstrated that applying dropout not only during
training but also during inference can effectively capture and repre-
sent model uncertainty through multiple stochastic forward passes

[14].

The application of MCD was further extended to multi-label clas-
sification tasks. In [29], the researchers highlighted the importance
of uncertainty estimates in improving the reliability of model predic-
tions, particularly in scenarios involving multiple labels where tradi-
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tional methods may fall short.

In our work, we focus on epistemic uncertainty, utilizing the MCD
technique in inference phase to provide decision-makers with clear
insights into the model’s confidence in its ICD code predictions.






METHODOLOGY

In this section, we describe the methodological approach employed to
develop and fine-tune a Ts-based LLM (Text-To-Text Transfer Trans-
former) [46], integrated with the hierarchical structure of ICD-10 codes.

The methodology includes dataset description, data processing steps,
the model architecture, the incorporation of the ICD-10 code hierar-
chy into the training process, model fine-tuning, new defined evalua-
tion metrics and uncertainty estimation.

3.1 LLMS USED IN THIS WORK

In this work, experiments were conducted using three encoder-decoder-
based generative models: T5-base (Text-to-Text Transfer Transformer),
FLAN-T5-base (Fine-Tuned Language Net T5), and BART (Bidirec-
tional and Auto-Regressive Transformer). All three models share a
common encoder-decoder transformer architecture, which is widely
employed for sequence-to-sequence tasks.

This architecture comprises an encoder that processes input se-
quences into contextual representations using self-attention mecha-
nisms and a decoder that generates output sequences token by token.
The decoder leverages both self-attention and cross-attention mech-
anisms to align the generated outputs with input features. Figure 1
provides a general illustration of the encoder-decoder structure, em-
phasizing its key components and flow of information.

Below is a detailed description of each model and its architectural
features:

* Ts5-base: employs a unified text-to-text framework, where all
NLP tasks are reformulated as text generation problems. It uses
an encoder-decoder architecture, with the encoder processing
input text into hidden representations and the decoder generat-
ing output sequences token by token. T5-base is pretrained on
a large corpus using a denoising autoencoding objective, where
random spans of input text are masked, and the model learns to
reconstruct the missing spans. This versatile framework enables
Ts5-base to perform well across a wide range of NLP tasks [46].

The model comprises 12 layers, 768 hidden units, and 12 at-
tention heads. T5’s architecture is based on the original trans-
former, with the following modifications [46]:

13
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Figure 1: Encoder-decoder transformer architecture, illustrating the flow of
information. Left part is the encoder, right part is the decoder. The
encoder processes the input sequence into contextual representa-
tions using self-attention, while the decoder generates the output
sequence token by token, leveraging both self-attention and cross-
attention to align outputs with input features.
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Figure 2: Modifications introduced by T5 to the encoder-decoder trans-
former architecture

Layer normalization is applied immediately before each at-
tention and feed-forward transformation, outside the resid-
ual path.

No additive bias is used in layer normalization, relying
solely on scaling.

A simple position embedding scheme adds a scalar to the
logits used for attention weight computation.

Dropout is applied extensively throughout the network, in-
cluding attention weights, feed-forward layers, and skip
connections.

In Figure 2 we illustrate these modifications.

* FLAN-T5-base: builds upon the T5 architecture by incorporat-
ing instruction-tuning during pretraining. This process involves
training the model on various tasks phrased as natural language
instructions, such as "Summarize this paragraph" or "Translate
this text," to improve its adaptability to zero-shot and few-shot
learning scenarios [53]. FLAN-T5-base shares the same encoder-
decoder architecture as T5-base, with 12 layers, 768 hidden units,
and 12 attention heads, but its instruction-tuned pretraining
makes it more effective in handling complex, instruction-driven
tasks.
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¢ BART: is another encoder-decoder model designed for text gen-
eration and comprehension tasks. Unlike the original transformer
which uses a unidirectional encoder, BART’s encoder is bidi-
rectional, allowing it to understand context from both direc-
tions of the input text. The decoder operates in an autoregres-
sive manner, generating tokens sequentially. BART is pretrained
using a denoising autoencoding objective, where corrupted in-
put sequences (e.g., with missing or shuffled tokens) are recon-
structed. BART comprises 12 layers, 1024 hidden units, and 16
attention heads [31].

Each of these models leverages self-attention and cross-attention
mechanisms to capture dependencies between input and output to-
kens. However, their pretraining objectives and fine-tuning strategies
differ, influencing their adaptability to specific tasks.

3.2 DATASET

MIMIC-IV dataset is utilized in this work, which is a large, openly
available dataset released on January 6th, 2023 and used in many re-
search studies in the healthcare domain [19]. MIMIC-IV includes data
from patients admitted to the emergency department or ICU between
2008 and 2019, annotated with either ICD-9 or ICD-10 codes [19].

3.3 DATA PROCESSING

Data preprocessing is a crucial step in preparing the clinical texts for
model fine-tuning. In our work, data processing includes three main
aspects: Clinical notes processing, ICD-10 codes processing, and data
splitting.

3.3.1  Clinical notes processing

We preprocess the clinical notes in the MIMIC-IV dataset by con-
verting all text to lowercase and removing words consisting of non-
alphabetic characters. This preprocessing approach, originally em-
ployed in [42] for clinical notes on the MIMIC-III dataset, has since
been adopted in many later studies [16, 24].

Each clinical note is prefixed with "Assign icd codes:" as explained
in section 3.5. Following this, the text is tokenized using the pre-
trained T5 tokenizer, and the length of clinical notes is truncated to
a maximum of 2,500 tokens. This token limit was chosen based on
findings from a recent review study [11].
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3.3.2 ICD-10 codes processing

For ICD-10 code processing, we started with 16,156 unique ICD-10
codes from the MIMIC-IV dataset. We filtered out codes with a fre-
quency less than or equal to 10, which removed 10,599 codes. After
filtering, 5,557 codes remained. For these codes, we ensured that all
codes follow the standard format, which begins with a letter followed
by numbers. This step removes any codes containing letters in posi-
tions other than the first character. After filtering, each code is trun-
cated to a length of four characters: one letter and three digits. This
length was chosen after experimentation to manage memory usage
and computational requirements, as detailed in section 3.6.2.

These truncated codes are then added as special tokens to the pre-
trained Ts tokenizer, as further explained in section 3.6.2. This pro-
cessing resulted in a refined dataset containing 2,830 ICD-10 codes.

3.3.3 Data splitting

To ensure that each subset of the data (training, validation, and test
sets) reflects the diversity of clinical notes and their associated la-
bels, we employed multi-label stratified sampling for data splitting.
We increased the test set size to provide more robust evaluation of
model performance. To avoid data leakage, all records of each patient
were assigned to either the training or testing set, but not both. This
approach aligns with the steps mentioned in [11]. The final split re-
sulted in a training set of 89,077 samples, a validation set of 13,375
samples, and a test set of 19,785 samples.

3.4 T5-BASE MODEL FOR ICD CODING

Ts-Base is a versatile generative language model. It employs an encoder-

decoder architecture, allowing it to treat every text-based problem as
a text-to-text task. This capability enables T5-Base to adapt to a broad
range of NLP tasks by framing them as text generation problems [46].

Ts5-Base is pre-trained on a diverse set of text-based tasks using a
denoising autoencoder objective, where it learns to predict missing
parts of a text sequence based on the context provided by the remain-
ing text [46]. This pre-training provides a useful foundation for the
ICD coding task, as the model’s ability to understand complex text
structures can be leveraged to generate ICD codes from medical nar-
ratives.

17
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3.5 USING TASK PREFIXES IN T5 FOR ICD CODING

Ts5 model utilizes a text-to-text framework that distinguishes differ-
ent NLP tasks using specific prefixes [46]. This approach allows the
model to handle various tasks by transforming them into text gener-
ation problems, making it versatile with a single architecture [33].
While other LLMs also use prompt engineering to guide their re-
sponses [7], the prefix-based approach is particularly integral to T5’s
design [34].

For our work on ICD coding, we used the prefix "Assign ICD
codes:" with each clinical note to clearly communicate the task to the
model. This adaptation during fine-tuning allows the model to learn
to interpret the clinical input and generate the corresponding ICD-10
code as output. We experimented with different prefixes and found
that "Assign ICD codes:" was the most effective in guiding the model
to perform the task accurately.

36 INCORPORATING THE ICD-10 CODE HIERARCHY INTO THE
TRAINING PROCESS

By leveraging the relationships between broader disease categories
and specific diagnoses, we aim to guide the model to generate more
relevant predictions. In this section, we propose a novel loss function
that complement cross-entropy loss with a distance-based loss as in
Eq. 7. The distance-based loss penalizes the model based on how
far the predicted ICD code is from the ground truth in the ICD-10
hierarchy, encouraging the model to prioritize predictions that are
reasonably close to the true labels.

3.6.1 Define a Distance-based Loss Function

The key idea of this work is to integrate the ICD-10 code hierarchy
into the training process. Our approach aims to discourage the model
from predicting codes that are completely irrelevant to the clinical
note by assigning a higher error penalty for such predictions.

For example, if we have a clinical note with two ground truth codes:
E11.9 (Diabetes without complications) and I20.0 (Cardiovascular dis-
ease), and let us assume that the model predicts two codes: E11.2
(a diabetes code related to kidney complications) and J18.9 (Respira-
tory infection). The evaluation of these predictions would be handled
as follows: With only cross-entropy loss, the model seeks to mini-
mize the difference between the predicted probability distribution
and the true distribution of the correct codes. In this scenario, the
first predicted code (E11.2) is related to diabetes, but it incorrectly
indicates kidney complications instead of diabetes without compli-
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cations (E11.9). While this prediction is incorrect, it’s still somewhat
relevant to the broader context of diabetes. On the other hand, the
second predicted code (J18.9) corresponds to a respiratory infection,
which is entirely unrelated to the ground truth codes for diabetes
or cardiovascular disease. This prediction is not only incorrect but
also clinically irrelevant to the patient’s condition, such mispredic-
tions may impact diagnosis and treatment.

Using cross-entropy loss alone may penalize both misclassifications
equally, without considering the clinical relevance of each prediction.
However, by incorporating the hierarchical structure of ICD-10 codes
into the training process, we can help differentiate between misclassi-
fications that are clinically relevant and those that are not.

To address this, we propose a new loss function that complements
cross-entropy loss with a distance-based loss. This combined loss
function penalizes the model based on both the accuracy of the wrongly
predicted ICD codes and the distance between the predicted and ac-
tual codes within the ICD-10 hierarchy.

Our distance-based loss function is designed to calculate the verti-
cal penalty, which applies when there are discrepancies between dif-
ferent hierarchical levels (e.g., chapter, block, third level). These dis-
crepancies are important in the clinical context because higher-level
codes, such as chapters or blocks, correspond to broader diagnostic
categories. A prediction that is distant from the true higher level is
considered more clinically irrelevant, and thus penalized more heav-
ily to encourage the model to focus on clinically relevant codes.

All horizontal differences at the same hierarchical level do not im-
pact the distance metric (penalty). For instance, if the ground truth
code is 'I21.1” the penalty is the same for predictions such as I21.0
and 'I21.9" as they belong to the same hierarchical level.

Our proposed distance-based loss function calculates the overall
distance between incorrectly predicted ICD codes and the ground
truth codes. The distance loss is computed as the sum of these dis-
tances, which are measured based on how much each predicted code
far from the set of ground truth codes.

The proposed distance-based loss function is defined as:

M
Distance Loss = Z min (distance(¢', C)) (2)

i=1
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where M is the number of predicted ICD codes, ¢! is the i-th pre-
dicted ICD code, and C is the set of ground truth codes.

The distance metric is computed based on the hierarchical struc-
ture of ICD codes, where penalties are assigned according to the first
differing character between two codes. This metric is defined as:

A=+ if i = min{k : ¢1(k) # ca(k)},
0 ifci(k) =ca(k) Vke{l,2,...,n}h
)
Here, C7 and C; represent the ICD codes being compared, n is the
total number of hierarchical levels, and cy(C) extracts the character

at level k from code C. The parameter A is a scaling factor that deter-
mines the magnitude of the penalty at each hierarchical level.

distance(Cq,C3) =

This formulation ensures that the penalty is determined by the first
differing character, with higher-level differences (e.g., at the chap-
ter or block level) incurring larger penalties due to the decay factor
A~ (41 In contrast, if all characters at every hierarchical level match,
the distance is 0. Additionally, all horizontal differences at the same
hierarchical level do not impact the distance metric, as the binary
penalty only considers whether characters match or not, regardless
of their values.

For example, consider two ICD codes C; = "A12.3" and C; =
"B12.3", with a scaling factor A = 10. The codes differ at the first hierar-
chical level because the first characters (A" and 'B’) are not the same.
Thus, the penalty is computed as:

distance(Cy, C2) = A~ 1+ = =2 =10"2 = 0.01.

Now consider another pair C3 = "A12.3" and C4 = "A23.3". Here,
the codes match at the first level ("A’) but differ at the second level ("1’
and "2’). The penalty is:

distance(C3,C4) = A~ 2F1 =273 = 1073 = 0.001.

Finally, if two codes Cs = "A12.3" and Cg = "A12.3 are identical,
the distance is:

distance(Cs, Cg) = 0.
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One of the major challenges in this approach was ensuring that the
distance loss is differentiable, a crucial requirement for maintaining
smooth gradient flow during model training [27]. The proposed dis-
tance loss function in Eq.2 is not differentiable because the minimum
function used to calculate the distance loss is non-differentiable. Ad-
ditionally, the distance metric (penalty) proposed in Eq.3, which is a
binary penalty, is also non-differentiable.

To address this, we replace the traditional minimum function with
a smooth minimum function, which provides a differentiable approx-
imation. The smooth minimum function is defined as:

smooth_min(x, ) = —[13 log (Z exp(—[.’;xi)> (4)

where x represents the set of distance metrics between the predicted
ICD code ¢; and each of the ground truth codes in C, and 3 is a
parameter that controls the smoothness of the approximation.

Therefore, we apply the smooth minimum function to these dis-
tances, as shown in the following equation:

M
Distance Loss = Z smooth_min(distance(¢é;, C)) (5)

i=1

where M is the number of predicted ICD codes, N is the number of
ground truth codes, ¢; is the i-th predicted ICD code, and C repre-
sents the set of ground truth codes.

For the distance metric, we employ a differentiable approximation
that compares the corresponding digits of two ICD codes. The dis-
tance metric between two ICD codes is calculated by comparing their
numeric parts digit by digit (in section 3.6.2, we explain how the first
letters of ICD-10 codes are converted to digits).

The distance metric is defined as:

) _ —(k+1) 1 - ))
distance(C1, C3) ]; (7‘ <1 +exp (—le1(k) —c2(k))) 0>
(6)

where L is the length of the longer ICD code, c;(k) and c, (k) rep-
resent the k-th digits of ICD codes C; and C, A is the scaling factor
that decays with each subsequent digit.

To ensure the loss function remains a differentiable and smooth
approximation of the originally proposed distance-based loss, this
formulation introduces unavoidable horizontal differences. While it
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provides an upper bound for the proposed loss (as shown in Table 1),
optimizing this formulation inherently optimizes the original loss as
well. The penalty for horizontal differences (i.e., differences between
corresponding digits at the same hierarchical level) is designed to be
significantly lower than the penalty for vertical differences (i.e., dif-
ferences across different hierarchical levels). By leveraging the decay
factor A, the formulation ensures that differences at higher hierarchi-
cal levels (e.g., top-level digits) incur a much larger penalty, aligning
with the hierarchical structure of the ICD codes. This smooth approxi-
mation allows penalties to increase continuously with the magnitude
of the difference while maintaining differentiability for all compar-
isons.

For example, when calculating the distance (reflecting the penalty)
between the ground truth code "Zggo" and the codes "Rg90", "Mggo",
"Z190", "Z490", "Z910", and "Zg940", with A = 10, we obtain the follow-

ing results in tabel 1

Table 1: Distance penalties for predicted ICD codes compared to the ground
truth code "Zggo", using both the original non-differentiable and the
differentiable approximated distance metrics.

Code Level Appx. distance Eq.6  Original distance Eq.3
Rggo Chapter 0.0231 0.01

Mggo Chapter 0.0231 0.01

Z190 Block 0.0050 0.001

Z490 Block 0.0049 0.001

Zg1o Third digit 0.0005 0.0001

Zggo Third digit 0.0005 0.0001

From the results of the distances (Appx. penalty) in the table, we
can observe the following:

* Smooth penalty differences at the same level: For codes differ-
ing at the same level (e.g., "R990" vs. "Mggo", differing in chapter
level), the penalties are very similar, both being 0.0231. Similarly,
for differences in the block level (e.g., "Z190" and "Z490"), the
penalties are also very close, with values of 0.0050 and 0.0049,
respectively.

e Significant penalty differences across levels: When comparing
penalties for differences across different levels, there is a notice-
able difference. For instance, the penalties for differences at the
chapter level (0.0231 for "Rggo" and "Mggo") are significantly
higher than those at the third digit level (0.0005 for "Zg10" and
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"Z940"). This indicates that discrepancies at higher hierarchical
levels result in greater penalties.

Thus, penalties increase smoothly for differences at the same level but
show considerable variation when comparing differences across dif-
ferent levels. This approach aligns with our goal of encouraging the
model to focus on accurately predicting the broader, clinically signif-
icant categories (higher-level characters) before refining its focus on
the more specific details (lower-level characters).

The final Loss function combines the Cross-Entropy Loss and Dis-
tance Loss:

Loss = Cross-Entropy Loss + « - Distance Loss (7)

Where o is a hyperparameter that balances the contribution of the dis-
tance loss relative to the cross entropy loss and it requires fine-tuning.

By incorporating this hierarchical distance-based penalty into our
loss function, we aim to enhance the model’s ability to generate clini-
cally relevant ICD codes and reduce the prediction of irrelevant codes.

3.6.2  Quercoming the Challenge of Decoding Model Output

Fine-tuning T5 for ICD coding typically does not require decoding
the model’s output. However, since we are using a distance-based loss
function that requires comparing the predicted ICD-10 codes with
the ground truth codes, decoding the output became necessary. This
additional step of decoding disrupted the computation graph and in-
terrupted the gradient flow during model training.

To address this issue, we propose a method for encoding ICD-10
codes in a way that represents the code itself. We convert the first let-
ter of each ICD-10 code into a predefined numeric value while leav-
ing the numerical part of the code unchanged. Then, we add these
converted codes to the tokenizer’s vocabulary as special tokens. Each
code was assigned a unique index reflecting the code itself.

Increasing the tokenizer’s vocabulary size results in larger embed-
ding layers, which, in turn, increases memory consumption and com-
putational demands. As a result, we limited the ICD-10 codes to a
length of four characters. The original size of our T5 tokenizer was
32,100, and after adding the converted codes as special tokens, the
vocabulary size increased to 58,998. This was the maximum size we
could use given the available resources.
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This encoding approach allows us to tokenize ICD-10 codes with
indexes that represent the codes, thereby eliminating the need for
decoding during model training. For example, the codes "B129" and
"B1y2" are encoded as "34129" and "34172", respectively, where "34"
corresponds to the numeric mapping for 'B’, and "129" and "172" re-
main unchanged. By using these indexes, we can compare predicted
and ground truth codes directly and measure the distance between
them without the need for decoding.

The suggested direct tokenization facilitates the comparison of pre-
dicted and ground truth codes by their indexes, thus avoiding the
decoding step. Preserving the computation graph with this approach
ensures a smooth gradient flow during model fine-tuning.

3.7 FINE-TUNING T5 FOR ICD CODING

To adapt Ts model for ICD coding, we fine-tune it on the MIMIC
dataset, which contains clinical notes annotated with ICD-10 codes,
as described in section 3.2. To evaluate the impact of our proposed
loss function, we fine-tune both the original T5-Base model and our
modified model, referred to as T5-HI (T5 with Hierarchical Informa-
tion). This allows us to compare the performance of both models on
the ICD coding task. Fine-tuning optimizes the models” weights, en-
hancing their ability to predict ICD codes based on clinical notes and
providing a clear evaluation of how the new loss function improves
performance.

38 EVALUATION METRICS

In this section, we introduce the evaluation metrics used to assess
the performance of our ICD code prediction model. We use several
metrics include F1 micro score, TD (Total Distance) and evaluations
at three hierarchical levels of ICD codes: the chapter level, the block
level, and the third level, corresponding to the first, second, and third
characters of the ICD code, respectively. These metrics capture the
model’s accuracy across broad and specific categories, providing a
comprehensive view of its performance.

3.8.1 Total Distance (TD)

TD represents the cumulative measure of the distance between pre-
dicted ICD codes and their corresponding ground truth codes. This
metric provides an overall assessment of the alignment between pre-
dicted and actual ICD codes. A lower TD indicates that the predic-
tions are closer to the true ICD codes, reflecting better performance.
By evaluating TD, we gain insights into the overall accuracy of the
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model in predicting ICD codes, taking into account the closeness of
predictions to the true values.

3.8.2 Irrelevant ICD Chapter (1IC)

The chapter level, represented by the first character of the ICD code,
categorizes diseases into broad groups. IIC measures how often the
predicted codes belongs to an incorrect disease category, indicating
incorrect chapter-level predictions. IIC occurs when the first character
(chapter) of the predicted ICD code does not match the chapter of the
ground truth code. This metric helps evaluate how frequently the
model misclassifies conditions into entirely incorrect categories.

3.8.3 Irrelevant ICD Block (IIB)

The block level, indicated by the second character of the ICD code,
provides a more specific classification within each chapter. Irrelevant
ICD Block (IIB) measures the number of instances where the pre-
dicted block does not match the ground truth block, even though the
chapter is correctly predicted. This metric evaluates the model’s preci-
sion in recognizing specific subcategories within the broader chapter.

3.8.4 Irrelevant ICD Third-Level (1IT)

The third level, represented by the third character of the ICD code,
provides a detailed classification within a block. Irrelevant ICD Third-
Level (IIT) captures cases where the predicted third-level code is in-
correct, even though both the chapter and block are predicted cor-
rectly. This metric evaluates the model’s ability to make specific pre-
dictions within a specific category.

3.0 MODEL UNCERTAINTY ESTIMATION

We employed the Monte Carlo Dropout (MCD) method to assess the
uncertainty in our model’s predictions. This method involves gener-
ating multiple predictions for the same input and analyzing the vari-
ability in the predictions to quantify uncertainty [14].

This method introduces stochasticity during inference by keeping
dropout layers active even in evaluation mode. By performing mul-
tiple forward passes with dropout enabled, the model generates di-
verse probability distributions, allowing us to quantify uncertainty.

For each label, uncertainty was calculated based on the variability
of the predicted probabilities across multiple forward passes. Specif-
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ically, we computed the mean probability and the variance for each
label as follows:

Mean Probability (u1):

N
'] .
=g P ®)
i=1

where p{i) is the predicted probability for label L in the i-th forward
pass, and N is the total number of passes.

Uncertainty = Variance (O‘%)Z

o2 = L3N (plY — )2 ©)

Suppose we have four possible labels, and the model is run twice
with MCD. The probabilities predicted for each label across the two
runs are:

¢ Run 1: 0.1, 0.6, 0.8, 0.2]

® Run 2: [0.3, 0.9, 0.6, 0.1]

For label 1:
. . 1-0.2)2 3-0.2)2
= 203 o, 2 (012027032027 )
2 2
For label 2:
_ 2 _ 2
L = 0.6—50.9 075, G% _ (0.6 —0.75) —;(0.9 0.75) 0,045

Higher variance indicates greater uncertainty, as seen for label 2,
compared to label 1.

The variance reflects the spread of probabilities, indicating the model’s
confidence in its predictions. A higher variance suggests greater un-
certainty, while a lower variance implies higher confidence. For over-
all uncertainty, variances across all possible labels can be aggregated.

It is important to note that the ability of MCD to provide mean-
ingful uncertainty estimates relies significantly on the model’s gen-
eralization capability. If the model is biased or overconfident, it may
assign low uncertainty values to incorrect predictions, as illustrated
in the above example, where incorrect predictions for label 2 still
showed relatively low uncertainty. This limitation underscores the
need for robust model training and careful evaluation of the uncer-
tainty estimates, particularly for underrepresented labels or complex
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input samples.

By incorporating this probabilistic approach, MCD enables a more
nuanced understanding of the model’s confidence. For instance, pre-
dictions with low variance (e.g., label 1 in the example above) can
generally be trusted more, while predictions with high variance (e.g.,
label 2) may require human oversight.

The reliability of MCD for estimating uncertainty depends signifi-
cantly on the model’s generalization ability. While MCD introduces
stochasticity during inference to quantify epistemic uncertainty, its
effectiveness is influenced by how well the model represents the un-
derlying data distribution. A biased or overconfident model may pro-
duce low uncertainty values for incorrect predictions, leading to a
false sense of confidence in those outputs. This limitation highlights
the need for robust model training to reduce biases and improve gen-
eralization, ensuring that uncertainty estimates accurately reflect the
model’s confidence. In scenarios where the model overfits to frequent
labels or fails to generalize well, the uncertainty estimates may not
reliably identify errors, emphasizing the importance of critical evalu-
ation when interpreting these values in practice.

3.10 EXPERIMENTAL SETTING

To implement and evaluate our custom loss function, we designed a
custom training loop for all experiments instead of using the Hugging
Face Trainer. This custom training loop was also used for experiments
that involve only cross-entropy loss to ensure consistency across all
experiments. The learning rate for Ts-base and FLAN-T5-base was
set to 0.0001, while for models using LoRA with T5-base and BART
the learning rate set to 0.001 . A weight decay of 0.01 was applied
consistently across all models. These hyperparameter values were de-
termined after conducting some experiments to identify the optimal
settings for performance. All models were trained for a maximum of
25 epochs. Early stopping was applied with a patience of 3 epochs. In
our experiments, due to GPU memory limitations, we used a batch
size of 1 for training. To effectively simulate a larger batch size and
ensure stable gradient updates, we employed gradient accumulation
with 4 accumulation steps. This approach allowed us to achieve an
effective batch size of 4 while staying within the memory constraints
of the hardware.
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RESULTS

In this section, we present the results of our experiments using the
MIMIC-IV v2.2 dataset. The findings are organized into three main
areas: the results of data analysis, the performance of the fine-tuned
Ts5 models, and the uncertainty estimation using MCD method.

4.1 RESULTS OF DATA ANALYSIS

In this section, we present an analysis of the MIMIC-IV-ICD-10 dataset,
focusing on various aspects of the data. The dataset contains diagnoses
coded according to ICD-10.

Tabel 2 provides some statistics on the MIMIC-IV-ICD-10 dataset.

Table 2: MIMIC-IV-ICD-10 Dataset Statistics

MIMIC-IV-ICD-10 Value
Unique ICD-10 Codes 16,156
Patients 80,213
Clinical Notes 122,300

Min. / Median / Avg. / Max. words 62 / 1492 / 1597.37 / 7754
per clinical note

Min. / Avg. / Max. codes per clinical 1/ 14.44 / 39
note

In Figure 3, we illustrate the frequency distribution of the top 50
ICD-10 codes, with a few codes like E785 and I10 occurring far more
frequently than others. This imbalance poses a challenge for mod-
els, as they may become biased toward predicting the more common
codes, making it harder to correctly predict less frequent.

In Figure 4, we show the distribution of the number of ICD-10
codes assigned to clinical notes. The wide variation in the count of
assigned codes, ranging from fewer than 5 to over 35, highlights the
complexity of the task. This variation increases the challenge for mod-
els, as they need to handle both short and long code sequences, mak-
ing the problem more harder to generalize across notes with different
code lengths.

Figure 5 presents the text length distribution of clinical notes, indi-
cating that most notes fall within the 500 to 3000-word range.

We analyzed the correlation between the word count of clinical
notes and the number of ICD-10 codes assigned. The correlation anal-
ysis yielded a moderate positive correlation of 0.499, indicating that
longer clinical notes tend to have more assigned codes. This trend R
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Figure 3: Frequency distribution of the top 50 ICD-10 codes

further illustrated in Figure 6, which displays a box plot of ICD-10
codes across different word count ranges. As shown, shorter clini-
cal notes (0-500 words) generally have fewer assigned codes, while
longer notes (3000-4000 words) are associated with a higher num-
ber of codes, indicating that as the word count increases, the median
number of assigned ICD-10 codes also rises.

4.2 EXPERIMENTAL RESULTS

This section presents the results of our experiments designed to evalu-
ate the performance of various approaches to ICD coding. Specifically,

7000

Frequency (Number of Notes)

Number of Codes

Figure 4: Distribution of the counts of ICD-10 codes in the clinical notes



4.2 EXPERIMENTAL RESULTS

1800

H
o
o
5}

1400

1200

1000

Frequency (Number of Notes)
& & 8 8

=

3000 4000 5000 6000 7000

Word Count

Figure 5: Text length distribution of clinical notes in the MIMIC-IV-ICD-10
dataset. The histogram illustrates the frequency of clinical notes
categorized by word count

we compare the efficacy of different LLMs and assess the impact of
input length and different chunking strategies on the accuracy and
efficiency of ICD coding predictions. Additionally, we explore the ef-
fects of using differentiable versus non-differentiable distance-based
loss functions on model training and performance.

4.2.1  Comparison of LLMs and Input Lengths for ICD Coding

In this work, we incorporate the hierarchical structure of ICD codes
into a Ts-base model. The decision to use Ts-base was guided by
a series of experiments where we fine-tuned different LLMs for ICD
coding. These experiments explored various input lengths: 1024, 2048,
and 2500 tokens. Importantly, we used the full length of ICD codes
without truncation or preprocessing. Due to resource limitations and
the larger parameter count of BART compared to T5, we fine-tuned
BART only for an input length of 1024. To overcome this limitation,
we employed LoRA (Low-Rank Adaptation) to fine-tune both T5-base
and BART for an input length of 2500 tokens.

The results in table 3, measured by F1 score, demonstrated that
Ts5-base with an input length of 2500 tokens achieved the best per-
formance. Based on this outcome, we selected T5-base with an input
length of 2500 tokens for further experiments to incorporate the hier-
archical structure of ICD codes.
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Figure 6: Box plot of ICD-10 codes assigned across different word count
ranges. The plot shows the distribution of ICD-10 codes assigned
to clinical notes

Table 3: Performance comparison of different LLMs and configurations for
ICD coding. T5-base with an input length of 2500 achieved the high-
est F1 score

MODEL INPUT LENGTH F1 SCORE
T5-base 2500 0.473
T5-base 2048 0.46
Ts5-base 1024 0.397
Flan-Ts-base 2500 0.462
LoRA-T5-base 2500 0.457
LoRA-BART 2500 0.443

4.2.2  Comparison of Different Chunking Strategies for ICD Coding

To further evaluate the impact of text chunking on the performance
of the model, we conducted two additional experiments using the T5-
base model with a fixed input length of 2500 tokens. This setting was
selected because T5-base with 2500 tokens achieved the best perfor-
mance, as shown in 3, where the input included the first 2500 tokens
of the clinical note.

Building upon this, we explored how different sections of the clin-
ical note might affect the model’s ICD coding accuracy. In the first
additional experiment, we used the last 2500 tokens of the clinical
note, while in the second experiment, we selected the middle 2500 to-
kens. Both experiments involved truncating or padding the notes to
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maintain the 2500-token length. For clarification, if a clinical note is
shorter than 2500 tokens, it is padded to reach the required length of
2500 tokens in all three cases. If the clinical note is longer than 2500
tokens, for example, 3000 tokens, different truncation strategies are
applied based on the chunking method. For the first chunk, the first
2500 tokens are retained, and the remaining 500 tokens at the end
are truncated. For the last chunk, the last 2500 tokens are retained,
and the initial 500 tokens are truncated. For the middle chunk, 250
tokens are truncated from both the beginning and the end, leaving
the middle 2500 tokens intact.

As shown in Table 4, the middle chunk achieved the highest perfor-
mance, as measured by F1 score. Consequently, we used the middle
chunk of the clinical notes in all subsequent experiments.

Table 4: Performance comparison of different chunking strategies for ICD
coding using T5-base with an input length of 2500 tokens.

CHUNKING STRATEGY F1 SCORE
First 2500 Tokens 0.473
Last 2500 Tokens 0.476
Middle 2500 Tokens 0.481

4.2.3  Comparison of Differentiable and Non-Differentiable Distance-Based
Loss Functions

In this experiment, we evaluate the impact of using a differentiable
versus a non-differentiable distance-based loss function during model
training. As previously discussed in section 3.6.1, one of the primary
challenges in integrating a distance-based loss into the training pro-
cess is ensuring that the loss function remains differentiable, as non-
differentiable functions can disrupt the gradient flow and hinder model
optimization.

To assess this, we conducted two training runs: one using a differen-
tiable surrogate for the distance metric and another using the original
non-differentiable distance metric. For both experiments, ICD codes
were truncated to a length of 4 and the scaling factor A was fixed at
10 across all hierarchical levels.

* Non-differentiable distance-dased loss: In this experiment, we
used the original proposed distance loss (Eq. 2), where the mini-

mum function is non-differentiable, along with a non-differentiable

distance metric (Eq. 3).

* Differentiable distance-based loss: In this experiment, we used
a differentiable approximation of both the distance metric (Eq.
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6) and the minimum function (Eq. 5). Specifically, we replaced
the non-differentiable distance metric with a differentiable one
and applied a smooth minimum function to approximate the
non-differentiable minimum operation.

The training curves for both configurations are shown in Figure
7. The model trained with the non-differentiable distance-based loss
(Figure 7a) exhibited significant fluctuations in the training curve, re-
flecting inconsistent gradient updates and unstable optimization. In
contrast, the model trained with the differentiable distance-based loss
(Figure 7b) displayed a smooth and steady decrease in loss across
training steps, indicating stable convergence and effective optimiza-
tion.

step_loss 0
step_loss_0 tag: step_loss_0
tag: step_loss_0

0.4

400 800 1.2 1.8k 0 200 400 600 8O0 1k 7.2k 1.4k
(a) Training  curve  with  non- (b) Training curve with differentiable
differentiable distance-based distance-based loss.
loss.

Figure 7: Training dynamics with non-differentiable and differentiable
distance-based loss functions.

This experiment underscores the importance of using a differen-
tiable loss function for training, as it ensures smooth gradient flow,
allowing the model to learn more effectively. The fluctuations ob-
served with the non-differentiable distance-based loss suggest that,
without smooth approximations, the optimization process becomes
erratic, potentially leading to poor performance.

These results provide empirical evidence supporting the use of dif-
ferentiable distance-based loss functions to maintain smooth gradient
flow and enhance training effectiveness.

4.2.4 Experiments with Distance-Based Loss Function Alone

As part of our experiments, we trained the model using only the
distance-based loss function (Eq. 5), excluding the cross-entropy loss.
In this setup, the model failed to predict any ICD-10 codes. This be-
havior arises from the objective of the distance-based loss function,
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which minimizes differences between predicted and ground truth la-
bels. When no labels are predicted, the loss evaluates to zero, as there
are no discrepancies to penalize. Without cross-entropy loss to en-
courage accurate label predictions, the model defaults to the trivial
solution of predicting nothing to minimize the loss.

In a subsequent experiment, we modified the loss function to im-
pose a significant penalty when the model failed to predict any ICD-
10 codes. This adjustment led the model to predict exactly one code
per input. This behavior reflects the model’s attempt to avoid the
penalty for no predictions while minimizing the risk of additional
loss from incorrect predictions. By selecting a single code, the model
achieved a minimal-effort compromise, satisfying the penalty con-
straint without optimizing for accuracy or completeness.

These results highlight the necessity of combining the distance-
based loss with cross-entropy loss to achieve effective learning and
accurate predictions.

4.3 RESULTS OF FINE-TUNING T5 ON ICD CODING

We compared the performance of T5-base model and the hierarchi-
cally informed Ts-HI model using several metrics, as described in
section 3.8. Our data was split into training, validation, and testing
sets, with sizes of 89,077, 13,375, and 19,785 samples, respectively, as
mentioned in section 3.3.3.

For T5-HI model, we set the hyperparameter « for the loss function
(Eq. 7) and the decay factor A for the distance metric (Eq. 6) to 5 and
10, respectively. These values were selected through manual hyperpa-
rameter tuning on the validation set, as grid search was impractical
due to the long training times. We tested A values of 4, 5, and 10, and
o values of 1, 5, 7, and 10. The chosen combination provided the best
balance between minimizing TD and achieving a high F1 micro score.
The final model performances, reported in this work, were evaluated
on the unseen test set. The criteria for selecting the best hyperparame-
ters were based on optimizing two primary metrics: TD and F1 micro
score.

To calculate the Confidence Intervals (CI) for each metrics, we used
a bootstrapping method. We resampled the entire dataset with re-
placement for 100 iterations and calculated the respective metric for
each resampled dataset. The confidence intervals were then deter-
mined by computing the 5th and g5th percentiles of the bootstrap
distributions.

Table 5 represents the results. These results indicate that although
the standard Ts5-base model achieves a statistically significant higher
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F1 micro score (p-value < 0.001), T5-HI model shows notable improve-
ments in other metrics. Specifically, T5-HI has a lower TD, suggesting
better alignment with ground truth codes. Furthermore, T5-HI shows
fewer irrelevant chapter, block, and third-level predictions compared
to T5-base. This suggests that T5-HI makes more accurate predictions
across the hierarchical levels, from broad chapter classifications to de-
tailed third-level codes.

Table 5: Results of comparison between the T5-base and T5-HI models on
the test dataset. While Ts-base achieves a higher F1 score, T5-HI
demonstrates better performance with lower TD and fewer irrele-
vant predictions across other metrics.

METRIC T5-BASE T5-HI

F1 micro (95% CI)  0.487 (0.484, 0.492) 0.471 (0.467, 0.474)

TD 7,270 4,950

Mean TD ((95% CI) 0.36 (0.26,0.45) 0.25 (0.19, 0,34)
Inc 16,267 13,480

Mean IIC ((95% CI) 0.82 (0.58, 1.16) 0.68 (0.42, 0.96)
1IB 27,548 22,202

Mean IIB ((95% CI)  1.39 (0.98, 1.86) 1.12 (0.74, 1.56 )
1T 18,950 16,237

Mean IIT ((95% CI)  0.96 (0.62, 1.34) 0.82 (0.52, 1.18)

Figure 8 illustrates the cumulative distances between predicted ICD
codes and ground truth codes for each clinical note in the testing
dataset for both the T5-base and T5-HI models. Notably, the predicted
codes of the T5-HI model are closer to the ground truth, as shown by
the lower distance curve compared to the T5-base model.

Additional analysis of ICD chapter-level predictions is detailed in
Table 6, which presents the F1 scores for each chapter as predicted by
both T5-HI and Ts-base models. CI for the F1 scores were estimated
using a bootstrapping approach, where we resampled the dataset 100
times with replacement.

Overall, T5-HI model demonstrates higher F1 scores in several chap-
ters compared to the T5-base model, which may be attributed to its
hierarchical structure enhancing its predictive capability.

The F1 scores also reflect the frequency of the chapters in the train-
ing dataset. Chapters with higher frequencies generally show better
F1 scores, as seen in the strong performance of chapters such as E, I,
and C. In contrast, chapter P, which has a low frequency in the train-
ing dataset (only 22 cases), exhibits an F1 score of o. This suggests that
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Figure 8: This figure illustrates the cumulative distances between predicted
and ground truth ICD codes for clinical notes in the testing dataset.
The x-axis displays the sorted indices of clinical notes, ordered
by their cumulative minimum distances, while the y-axis repre-
sents the cumulative minimum distance between predicted and
ground truth ICD codes. Lower cumulative distances indicate
closer matches to the ground truth codes, highlighting the perfor-
mance differences between the two models.

chapter P is underrepresented, leading to the model’s inability to pre-
dict codes associated with it. Chapter S is also not represented in the
predictions. Upon investigation, we found that the ICD codes from
chapter S in our dataset contained letters in positions other than the
first character. Due to our preprocessing step in section 3.3.2, which
ensures all ICD-10 codes follow the standard format (beginning with
a letter followed by numbers), any codes containing letters beyond
the first position were removed. As a result, all the codes from chap-
ter S were excluded from the dataset, explaining their absence in the
predictions.

In Figure 9, we illustrate the counts of irrelevant ICD chapter pre-
dictions for both models. The results indicate that T5-HI predicts
fewer codes with irrelevant chapters compared to T5-base. Notably,
chapter P was not presented in the figure, indicating that the models
did not predict any codes for this chapter due to its extremely low
frequency in the training dataset. which prevented the models from
learning this chapter.

Figures 10, 11, and 12 compare the distributions of irrelevant chap-
ter (IIC), block (IIB), and third-level (IIT) codes predicted by both
models, respectively. Each figure illustrates that the T5-HI model re-
sults in more clinical notes where the irrelevant chapter, block, or
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Figure 9: Comparison of irrelevant ICD chapter predictions between T5-base
and T5-HI models.

third-level predictions are o. This indicates that T5-HI is more effec-
tive at minimizing irrelevant predictions across the first three levels
of ICD codes.
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Figure 10: Distribution of irrelevant chapter predictions (IIC) between Ts-
base and T5-HI models.
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Figure 11: Distribution of irrelevant block predictions (IIB) between T5-base
and Ts-HI models.

4.4 UNCERTAINTY RESULTS IN ICD CODE PREDICTION USING
MCD METHOD

To evaluate uncertainty in ICD-10 code predictions, we applied MCD
with 25 inference passes on a randomly selected subset of 1000 clini-
cal notes from the test data.

For each ICD-10 code predicted across these samples, we calculated
the mean probability by aggregating the predicted probabilities of the
code over the 25 inference passes for each sample. The mean proba-
bility for each code was determined by dividing the total probability
of that code across all passes by the number of samples where the
code was predicted.

The uncertainty for each ICD code was then calculated as the vari-
ance of the predicted probabilities across the 25 passes for each sam-

ple:

N
1
Uncertainty = 07 = N Z(Pl(i) —w)?
i=1

where 1 is the mean predicted probability for label 1, and N is the
total number of passes.

We calculated the uncertainty for a total of 833 predicted ICD codes
across the sample set. Higher uncertainty values indicate that the
model is less confident in its predictions for those codes, while lower
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Figure 12: Distribution of irrelevant third-level predictions (IIT) between T5-
base and T5-HI models.

values suggest higher confidence.

To assess the relationship between the uncertainty of ICD code pre-
dictions and their frequency in the training dataset, we calculated
the Spearman correlation coefficient. The analysis resulted in a Spear-
man correlation of -0.41, indicating a moderate inverse relationship
between these two variables. This negative correlation suggests that,
generally, codes that are more frequently represented in the training
data tend to have lower uncertainty in their predictions. In contrast,
less frequently encountered codes are associated with higher levels of
uncertainty.

In Tables 7 and 8, we present the uncertainty levels of the top 10
frequent and low-frequency ICD codes, respectively. The results align
with the correlation analysis and indicate a moderate inverse relation-
ship between the frequency of ICD codes in the training data and the
uncertainty associated with their predictions. As the frequency of a
code increases, the uncertainty tends to decrease. However, it is im-
portant to note that the moderate correlation does not imply a signif-
icant direct effect, high frequency does not necessarily guarantee low
uncertainty (less than o.5).

To further illustrate the model’s output and conduct a confidence
check, we performed uncertainty estimation using MCD on a single
randomly selected clinical note. The ground truth ICD-10 codes for
this note were H409, R339, I10, 1251, Z952, Y831, Z867, C61, Z951, and
E785. After applying MCD with 25 inference passes, the model pre-
dicted a range of ICD-10 codes, including Bgs6, E785, H409, 110, 1251,
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and others.

The output presented in Figure 13 highlights these predicted ICD-
10 codes alongside their corresponding uncertainty values. Codes ex-
hibiting high or medium uncertainty (e.g., those with uncertainty val-
ues greater than o.5) indicate areas where the model’s confidence is
lower. Such predictions may require further review by human coders
to ensure accuracy and alignment with the clinical context.

Uncertainty
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Figure 13: Predicted ICD-10 codes for a randomly selected clinical note, dis-
playing their corresponding uncertainty values. Larger markers
indicate higher uncertainty values, and a color gradient from
dark red (low uncertainty) to dark blue (high uncertainty) em-
phasizes the level of uncertainty associated with each code.
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Table 6: F1 scores for ICD chapter predictions by T5-HI and T5-base models.
This table presents the F1 scores for each ICD chapter, comparing
the performance of the T5-HI and Ts-base models. The chapter fre-
quencies in the training dataset are also included, highlighting the
relationship between the frequency of chapters and their predictive

accuracy.

Chapter Ts-HI Ts-base Chapters’

Mean F1 (95% CI) Mean F1 (95% CI)  Freq.
A 0.63 (0.61-0.65) 0.51 (0.49-0.53) 8,805
B 0.54 (0.52-0.55) 0.55 (0.53-0.56) 19,164
C 0.76 (0.75-0.77) 0.73 (0.71-0.74) 25,278
D 0.73 (0.72-0.74) 0.74 (0.73-0.74) 58,585
E 0.92 (0.91-0.92) 0.89 (0.89-0.90) 153,774
F 0.74 (0.73-0.75) 0.72 (0.71-0.73) 71,770
G 0.73 (0.72-0.73) 0.69 (0.69-0.70) 52,869
H 0.53 (0.51-0.55) 0.49 (0.46-0.51) 9,438
I 0.85 (0.85-0.86) 0.85 (0.85-0.86) 182,259
J 0.79 (0.78-0.79) 0.78 (0.77-0.79) 50,081
K 0.80 (0.80-0.81) 0.79 (0.78-0.80) 86,635
L 0.58 (0.56-0.60) 0.53 (0.51-0.54) 14,214
M 0.62 (0.61-0.63) 0.61 (0.60-0.62) 41,845
N 0.83 (0.83-0.84) 0.83 (0.82-0.84) 60,024
O 0.87 (0.85-0.90) 0.85 (0.82-0.88) 4,379
P 0.00 (0.00-0.00) 0.00 (0.00-0.00) 22
Q 0.30 (0.26-0.35) 0.17 (0.13-0.21) 2,484
R 0.68 (0.67-0.69) 0.63 (0.63-0.64) 88,458
T 0.27 (0.22-0.31) 0.33 (0.29-0.38) 1,778
Y 0.46 (0.45-0.48) 0.47 (0.45-0.48) 41,568
Z 0.92 (0.92-0.92) 0.89 (0.89-0.90) 213,622
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Table 7: Top 10 frequent ICD Codes in Training Data. This table presents
the ICD codes with their corresponding uncertainty and frequency
in the training dataset, highlighting the relationship between code
frequency and prediction uncertainty.

Code Uncertainty Frequency
E785 0.32 32,176
7878 0.45 27,117
K219 0.50 22,374
I251 0.47 18,390
Z790 0.53 18,195
F329 0.66 16,602
N179 0.58 14,377
F419 0.55 13,693
7867 0.62 13,354
7794 0.65 11,005

Table 8: Top 10 low frequent ICD codes in training data. This table presents
the ICD codes with their corresponding uncertainty and frequency
in the training dataset, illustrating the patterns of uncertainty asso-
ciated with less frequently encountered codes.

Code Uncertainty Frequency
0480 0.91 20
0420 0.96 23
O441 0.79 24
0988 0.92 26
0621 0.88 28
7302 0.94 32
O770 0.92 34
O133 0.92 34
0210 0.48 38

E849 0.96 39







DISCUSSION

Our findings highlight the potential of integrating the hierarchical
structure of ICD-10 codes within the model to reduce prediction er-
rors, particularly by avoiding irrelevant disease classifications. This
approach enhances the ability of LLMs, specifically Ts, to automate
the task of ICD-10 code assignment from clinical notes. By incorporat-
ing the ICD-10 hierarchy, we reduce clinically irrelevant predictions.

5.1 KEY EXPERIMENTAL DECISIONS AND INSIGHTS

Several critical decisions were made during the experimental process
that shaped the final model. One of the most significant was the de-
cision to incorporate the hierarchical structure of ICD-10 codes. This
integration aimed to improve the model’s understanding of the rela-
tionships between broader disease categories and specific diagnoses.
An essential aspect of this decision was the introduction of a distance-
based loss function, which penalizes predictions based on their dis-
tance within the ICD-10 hierarchy. However, during development, it
became evident that a non-differentiable distance-based loss function
would disrupt the gradient flow, leading to unstable training. This re-
alization prompted an experiment comparing the non-differentiable
loss with a differentiable approximation using a smooth minimum
function. The results in section 4.2.3 clearly indicated that the non-
differentiable loss caused significant fluctuations in training, high-
lighting the importance of maintaining smooth gradient flow.

Consequently, the loss function was modified to incorporate a dif-
ferentiable approximation of the distance metric and the minimum
operation. This change resulted in more stable training, as continu-
ous gradients facilitated smoother optimization. The final decision
to use a differentiable loss function proved crucial, as it enabled the
model to effectively leverage the hierarchical relationships between
ICD-10 codes, improving prediction accuracy and model stability.

5.2 HIERARCHICAL STRUCTURES AND PREDICTION ACCURACY

Although the standard Ts-base model achieved a higher F1 micro
score, the key advantage of the T5-HI model was its reduction in
irrelevant predictions at the chapter, block, and third-level stages.
As shown in Table 5, T5-HI model demonstrates a notable improve-
ment in minimizing these irrelevant predictions compared to T5-base
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model. This supports the hypothesis that leveraging the hierarchi-
cal nature of ICD-10 codes enhances the model’s ability to predict
finer-level codes more accurately. These findings are also consistent
with previous research, which highlights how hierarchical structur-
ing improves a model’s ability to distinguish between closely related
diagnostic categories [35].

Additionally, T5-HI model showed better alignment with ground
truth codes, as showed by a lower TD in Figure 8. This indicates that
the T5-HI model generates predictions that are closer to the actual
ICD codes, which is crucial for reducing clinically irrelevant diag-
noses. So while the F1 score is an important metric, the reduction in
irrelevant predictions achieved by the T5-HI model, despite a statisti-
cally lower F1 score (p = 0.001), reflects a valuable trade-off between
accuracy and clinical relevance.

5.3 UNCERTAINTY IN PREDICTIONS

The uncertainty analysis using the MCD method provides important
insights into how reliable the ICD-10 code predictions are. The mod-
erate inverse Spearman correlation coefficient of -0.38 indicates that
more frequently represented codes in the training data generally ex-
hibit lower uncertainty in their predictions. This suggests that fre-
quent codes are learned more effectively by the model, leading to
higher confidence in their predictions.

In contrast, infrequent codes tend to show greater uncertainty, high-
lighting the model’s challenges in accurately predicting these codes
due to limited training examples. While the correlation suggests a
trend, it’s important to note that high frequency does not always guar-
antee low uncertainty, as some frequent codes may still exhibit high
uncertainty.

Furthermore, the ability of MCD to provide meaningful uncertainty
estimates depends significantly on the model’s generalization capa-
bility. If the model is biased or overconfident, it may produce low
uncertainty values for incorrect predictions, leading to a misrepre-
sentation of its confidence. This limitation underscores the need for
robust model training to reduce biases and improve generalization,
ensuring that uncertainty estimates accurately reflect the true reliabil-
ity of predictions.

These insights suggest that enhancing training data with more ex-
amples of infrequent codes could improve prediction reliability and
reduce uncertainty. Additionally, addressing model biases and ensur-
ing better generalization is critical to maximize the effectiveness of
uncertainty estimation techniques like MCD.



5.4 CLINICAL IMPLICATIONS

5.4 CLINICAL IMPLICATIONS

The findings of this study have notable clinical implications, under-
scoring the potential of advanced machine learning techniques in ad-
dressing key challenges in ICD coding. By leveraging the hierarchi-
cal structure of ICD-10 codes, the T5-HI model effectively reduced
irrelevant predictions across multiple levels of the coding hierarchy.
Although the model exhibited a lower F1 score compared to the base-
line, its ability to minimize clinically irrelevant codes highlights its
practical utility in healthcare applications.

The improved precision can streamline coding workflows, reduce
the administrative burden on healthcare professionals, and minimize
error correction time. It also enhances data quality, supporting better
clinical decision-making, resource allocation, and healthcare manage-
ment.

These advancements can optimize ICD coding efficiency, reduce
manual verification costs, and help healthcare systems better utilize
medical data for operational and research purposes.
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CONCLUSION

In this work, we explored the application of LLMs, particularly the T5
model, for automating the assignment of ICD-10 codes from clinical
notes. The focus was on leveraging the hierarchical structure of ICD
codes and integrating it into the T5-base model to reduce irrelevant
code assignments.

Our findings demonstrate the significant advantages of incorporat-
ing hierarchical information into ICD coding. The enhanced Ts5-HI
model showed notable improvements in reducing irrelevant predic-
tions, especially at the first three levels of ICD-10 codes. Although
T5-HI model resulted in a statistically significant lower F1 score com-
pared to T5-base model (p-value < 0.001), this trade-off must be un-
derstood in context. While the F1 score is an important metric, it
may not fully capture the benefits of hierarchical modeling, where
minimizing irrelevant predictions is critical for clinical relevance. The
lower F1 score does not reduce the model’s focus on generating clin-
ically relevant predictions, as reflected by its improved performance
on other metrics like TD and fewer irrelevant predictions across hi-
erarchical levels. In practical healthcare applications, reducing irrele-
vant classifications might be more beneficial than achieving a higher
F1 score, which could make this model more effective for real-world
use.

In addition, the integration of uncertainty estimation via MCD fur-
ther enhanced the utility of the T5-HI model by enabling the identifi-
cation of predictions with higher uncertainty, thus highlighting cases
where human oversight may still be necessary.

Future work should focus on applying T5-HI model to larger and
more diverse datasets, including data from various healthcare sys-
tems and populations, to ensure its generalizability in real-world set-
tings. Addressing complex and rare diagnoses remains a challenge,
and future improvements could be achieved through multi-task learn-
ing or graph-based methods, which can better capture relationships
between different diagnoses across ICD chapters. Additionally, inte-
grating contextual information, such as patient history and demo-
graphics, may improve the model’s ability to handle more complex
cases with greater accuracy. Further research should focus on incorpo-
rating uncertainty estimation techniques into the training process to
improve overall model performance. Fine-tuning the hierarchical inte-
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gration will also be essential for improving F1 scores while preserving
the relevance of predictions. We also aim to explore the incorporation
of the hierarchical structure of ICD codes into non-generative models,
expanding beyond our current focus on the generative T5 model.
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