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Abstract

ICD coding is the process of assigning standardised diagnostic codes to clinical documents, such
as discharge notes. It is essential for billing, epidemiological surveillance, and health data in-
teroperability; however, it remains a largely manual process that is time-consuming, costly, and
error-prone. This thesis investigates automated ICD-10-CM coding along two complementary axes:
machine learning model development and open-source clinical deployment.

On the modelling side, two coding scenarios are addressed. For the short excerpt task, four lexical
baselines and four neural models are evaluated on a new synthetic dataset of 2,567 examples gen-
erated from UMLS and MIMIC-IV, as no annotated dataset exists for this subtask. The results
indicate that self-alignment pretraining is the primary driver of performance: SapBERT achieves a
Mean Reciprocal Rank of 0.477, compared to 0.181 for the unaligned PubMedBERT and 0.373 for
the best lexical baseline. For the full discharge note task, a progressive series of models culminates
in a multi-task PubMedBERT encoder that jointly predicts ICD-10-CM codes at three granularity
levels (chapter, 3-character, and full code), using label attention over chunk representations and
a hierarchical prediction strategy. Despite operating at chunk level rather than word level, the
model achieves a macro-F1 of 0.123 and a recall@50 of 0.708 on the MIMIC-IV dataset. This
means 70% of correct codes appear in the top-50 suggestions, which is the most relevant outcome
for a coding-assistance workflow.

On the deployment side, we integrate both models into an OpenMRS module: ICDHelper. The
module performs inference entirely offline using ONNX Runtime, resolves predictions against the
CIEL concept dictionary, and surfaces code suggestions within the existing clinical workflow. It
has been released under the Mozilla Public License v2 and has already been reviewed by members
of the OpenMRS community, including Partners in Health and the director of the CIEL dictionary.



Disclaimer about generative Al
usage

AT tools were used in the following aspects of this work: code documentation, debugging, scientific
literature search (Undermind), and refinement of phrasing and formulation.

AT was not used for: drafting the original text, developing the core ideas and scientific reasoning,

interpreting results, or drawing conclusions. All key ideas, arguments, and scientific judgments are
grounded in the reviewed literature and reflect our own thinking.
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Chapter 1

Introduction

The International Classification of Diseases and Related Health Problems, commonly referred to
as ICD, is the global standard used to record diagnoses and health conditions for clinical, ad-
ministrative, and epidemiological purposes. Established under the authority of the World Health
Organization (WHO), ICD provides a common language for the reporting and monitoring of dis-
eases. It allows health information to be shared and compared consistently across institutions and

countries 1.

ICD coding plays a central role in modern healthcare systems. It supports billing and reim-
bursement, along with hospital activity reporting. It also enables epidemiological surveillance and
ensures data interoperability. ICD coding contributes to the use of electronic health records for
medical research and public health analysis [1]. In practice, it consists of reading a clinical doc-
ument and assigning the ICD codes that correspond to the diagnoses documented in the text, as
illustrated in Figure 1.1.2

However, despite its importance, ICD coding is still often performed manually by trained coders.
This process is labour intensive and time consuming. It is also prone to variability and human
error, especially when dealing with long and complex discharge summaries [3]. These limitations
explain why automatic ICD coding has been an active research topic for more than two decades.
The goal is to reduce administrative burden while improving coding consistency and scalability. It
is important to note that the objective is not to completely replace human coders, but rather to
facilitate their work by integrating prediction models into their workflow.

From a machine learning perspective, automated ICD coding is generally formulated as an ex-
treme multi-label text classification problem. A single clinical note, often a discharge summary,
must be mapped to a subset of relevant codes among thousands of possible labels [4]. This task is
particularly difficult for several reasons. Discharge summaries are long, heterogeneous documents
that combine current diagnoses, past medical history, procedures, medications, and discharge rec-
ommendations within the same note. This means the signal relevant for coding is often mixed
with substantial noise. Medical concepts can also be expressed through abbreviations, synonyms,
spelling variants, and highly domain-specific phrasing. Beyond the text itself, ICD labels are highly
imbalanced, with many rare codes appearing only infrequently in training data [5]. Finally, ICD
itself follows a hierarchical structure. It moves from broad chapters to specific categories and then
to full diagnostic codes. This means that the output space is not flat but medically organised.

Because of these challenges, the literature has progressively moved from statistical and feature-
based approaches toward deep learning and transformer-based architectures. Earlier methods, such
as TF-IDF and CNN, could exploit lexical regularities in clinical notes, but they struggled to cap-
ture context, long range dependencies, and fine semantic distinctions between related diagnoses.
More recent models based on domain-specific pretrained language models, such as BioBERT, Clini-
calBERT, and PubMedBERT, have improved the representation of biomedical and clinical language
[6, 7, 8]. At the same time, studies in ICD coding have shown that domain-specific encoders alone
are not sufficient. Strong performance also depends on handling long clinical documents, large
label spaces, and label-aware prediction mechanisms [4]. These limitations have motivated the use
of architectures that combine pretrained biomedical encoders with attention mechanisms and long

'World Health Organization. International classification of diseases (ICD). https://www.who.int/standards/
classifications/classification-of-diseases, 2026. Accessed: 2026-02-13.
2This illustration was inspired by a figure in an article from Kang et al. [2]



document processing strategies.

Input: clinical note

Discharge Summary

History of present illness:
This is a 54-year-old with a history of emphysema...

Discharge diagnosis:
1. Pulmonary embolism 2. Atrial fibrillation ...

ICD Coding

Output: predicted ICD-10-CM codes

ICD-10-CM code Description

126.99 Pulmonary embolism
148.91 Atrial fibrillation
J43.9 Emphysema, unspecified

Figure 1.1: Overview of the ICD-10-CM coding task.

Central to all of these approaches is the label space: the International Classification of Diseases
(ICD). Over time, the classification system has undergone several revisions. These revisions re-
flect medical progress and changes in healthcare practice. A major transition occurred with the
publication of ICD-10 in 1990. It introduced fundamental structural changes to replace the ag-
ing ICD-9 framework. Beyond expanding the code space, ICD-10 shifted from a strictly numeric
to an alpha-numeric coding format, which allowed for a more flexible and extensible hierarchy.
This revision also improved the clinical logic of disease grouping [9]. The latest version of ICD-10
(2019) lists approximately 14,000 codes [10]. While ICD-10 remains the current standard in many
regions, an 11th Revision (ICD-11) was adopted in 2019. It marks a definitive shift toward a fully
digital, integrated healthcare framework, with even more codes and a global reorganisation of the
hierarchical structure.

The structure of ICD-10 also shapes how the coding task is defined. In this work, we distinguish
three levels of granularity as shown in Figure 1.2. The coarsest level is the chapter, one of the 22
broad disease families. A more precise level uses a 3-character code, which identifies a specific sub-
category within a chapter. Finally, the full ICD-10 code provides the most detailed classification,
pinpointing an exact diagnosis [10].

A notable adaptation of ICD-10 was curated by the National Center for Health Statistics (NCHS)
to specifically respond to the United States healthcare needs [11]. It is called ICD-10-CM, for Clin-
ical Modifications, and it stands out for having a much higher granularity, which was necessary in
order to accommodate to the complex U.S. reimbursement system. The NCHS largely preserved
the chapter and category structure of ICD-10, extending it downward rather than reorganizing
upward. Contrarily to ICD-10, it is updated every year in October.



1CD-10 Version:2019 =
| Certain infectious and parasitic diseases
Il Neoplasms
11l Diseases of the blood and blood-forming organs and
certain disorders involving the immune mechanism
IV Endocrine, nutritional and metabolic diseases
V Mental and behavioural disorders
VI Diseases of the nervous system
VIi Diseases of the eye and adnexa
VIII Diseases of the ear and mastoid process
1X Diseases of the circulatory system
X Diseases of the respiratory system
XI Diseases of the digestive system
XII Diseases of the skin and subcutaneous tissue ICD-10 Version:2019 2
XIII Diseases of the musculoskeletal system and connective I Certain infectious and parasitic diseases
tissue
XIV Diseases of the genitourinary system
XV Pregnancy, childbirth and the puerperium
XVI Certain conditions originating in the perinatal period

A00-A09 Intestinal infectious diseases
A00 Cholera
A01 Typhoid and paratyphoid fevers
A02 Other salmonella infections

XVII Congenital malformations, deformations and . . + ICD-10 Version:2019 3
chromosomal abnormalities A3 Shigellasis P e

XVIIl Symptoms, signs and abnormal clinical and laboratory A04 Other bacterial intestinal infections I Certain infectious and parasitic diseases

findings, not elsewhere classified 05 Other bacterial foodborne intoxications, not A00-A09 Intestinal infectious diseases

XIX Injury, poisoning and certain other consequences of elsewhere classified A00 Cholera

external causes A06 Amoebiasis A00.0 Cholera due to Vibrio cholerae 01, biovar
XX External causes of morbidity and mortality A07 Other protozoal intestinal diseases cholerae

XXI .Fac(ors influencing health status and contact with health 08 Viral and other specified intestinal infections A00.1 Cholera due to Vibrio cholerae 01, biovar
services 109 Other gastroenteritis and colitis of infectious and eltor

XXII Codes for special purposes unspecified origin A00.9 Cholera, unspecified

(a) All the chapters in ICD-10  (b) Example of 3-char codes in (c) Example of full codes in ICD-
ICD-10 10

Figure 1.2: The three levels of granularity in ICD-10

This thesis is situated within that context. It focuses on automatic full ICD-10-CM coding from
discharge notes in the MIMIC-IV dataset [12]. MIMIC-IV (Medical Information Mart for Intensive
Care) serves as the global benchmark for clinical research. It is a massive, de-identified database
containing real world electronic health records. It includes clinical notes, laboratory results, and
diagnoses from thousands of patients admitted to intensive care units. This work addresses several
major challenges in medical coding. It tackles the difficulty of mapping long clinical narratives
to thousands of different codes. It also manages a highly imbalanced dataset where some dis-
eases appear much more often than others. Beyond technical performance, there is a practical
need for an open source solution. Therefore, this thesis also tackles integration of the models into
OpenMRS based workflows. OpenMRS is an open source electronic medical record platform. It is
used extensively by humanitarian organisations and healthcare providers in resource constrained
settings worldwide. This thesis aims to bridge the gap between high level artificial intelligence
research and accessible technology. By creating a tool compatible with the OpenMRS ecosystem,
our study provides a field ready solution. Ultimately, this design would help clinicians perform
accurate medical coding in real world settings.

Technically, the proposed approach relies on fine-tuned PubMedBERT encoders. Standard lan-
guage models are trained on general text like Wikipedia. But PubMedBERT has been “pre-trained”
on millions of biomedical articles, which makes it able to grasp the nuances of professional medical
terminology. The first model is specialised in predicting the ICD-10-CM code associated with a
concise description. It uses SapBERT, a fine-tuned version of PubMedBERT that aligns synony-
mous medical terms into a unified vector space. The second model processes long clinical notes
by breaking them into manageable segments, called “chunks”. Then, they are analysed through
a multi-label attention mechanism. This mechanism acts as a selective lens. It learns to identify
and weigh specific fragments of a document that provide the most relevant evidence for each ICD-
10-CM code.

The main contributions of this thesis are the following:

e A comparative evaluation framework for ICD code retrieval from short descrip-
tion. We introduce a synthetic evaluation dataset covering all ICD-10 chapters. This dataset
is used to benchmark several models, that given a brief description such as type 2 diabetes
with complications, retrieve the most likely ICD-10 code by comparing it against all code
descriptions in a shared semantic space.

e An ICD coding model handling full discharge notes. The model reads the entire
clinical document and predicts all relevant ICD-10 codes simultaneously, exploiting the hi-
erarchical structure of ICD-10 to improve prediction of rare codes. This work prioritises
ease of deployment in resource-constrained hospital settings over state-of-the-art predictive



performance. The goal is a practical, locally-runnable tool that coders can rely on, not a
benchmark leader.

e A new evaluation benchmark for MIMIC-IV ICD-10. Existing benchmarks either
risk data leakage by splitting at the admission level, or exclude rare codes through aggressive
filtering. We introduce a patient-level split with a less restrictive filtering criterion, retaining
9,685 codes and ensuring near-complete code coverage across all splits.

e ICDHelper, an open-source OpenMRS module. Models for both tasks are integrated
into a Java module that runs directly on the hospital server, with no internet connection or
external API required at inference time. The module suggests ICD codes to the clinician,
who can review and confirm them within the existing patient record interface.

The remainder of this thesis is organised as follows. Chapter 2 reviews the state of the art, covering
approaches to both short excerpt coding and full note coding, as well as existing clinical deployment
solutions. Chapter 3 defines the automated ICD coding task tackled and the objectives pursued
throughout this thesis. Chapter 4 introduces the technical background required to understand the
proposed architectures and the set of metrics used to evaluate the models. Chapter 5 details the
datasets, models, and evaluation protocols used in this work. Chapter 6 presents and analyses the
experimental results for both tasks. Chapter 7 describes the architecture and implementation of
the ICDHelper module and its integration into OpenMRS. Chapter 8 discusses the limitations of
this work and the most promising directions for future research. Chapter 9 concludes the thesis.



Chapter 2

State of the art

Research into automated ICD coding began gaining significant interest in the late 1990s. Early
studies demonstrated that predicting codes from discharge notes was feasible using statistical
methods. These initial approaches relied on feature-based models, such as k-nearest neighbor and
Bayesian algorithms [13, 14]. The landscape shifted around 2017-2018 with the rise of deep learn-
ing. Researchers started applying recurrent and convolutional networks with attention mechanisms
to full discharge summaries, followed by transformer-based models that further improved the per-
formance [1, 15, 16].

In the following sections, we first examine the task of mapping short groups of words to ICD codes.
We then focus on the more complex goal of predicting codes from full length clinical discharge sum-
maries.

2.1 Group of words to ICD codes

A first step in mastering ICD coding is to focus on short groups of words rather than complete
discharge notes. The goal is to predict the specific ICD-10 code associated with a brief phrase.

In this task, the input is usually a diagnosis term or a problem list entry. The system must nor-
malise these compact phrases into the correct medical coding concept.

A practical exemple of this is similar to searching in a medical dictionary. A physician might iden-
tify a disease but describe it using different terms. This system normalises those variations into a
standardised diagnosis in the patient’s record. By doing so, it ensures that healthcare professionals
everywhere understand the medical data and avoids any misinterpretation.

The following sections examine three families of approaches to this problem, ordered by increas-
ing conceptual sophistication. Lexical methods treat coding as a string matching problem and
require no external knowledge. Terminology guided systems instead use clinical ontologies such as
SNOMED CT and UMLS to connect medical language with administrative codes. These structures
act as a bridge between the informal words doctors use and the official ICD-10 labels. Finally,
transformer based models abandon handcrafted resources. They learn semantic proximity from
data alone. This progression highlights a major challenge in the field. To achieve better language
coverage, models must rely more heavily on either expert made databases or massive amounts of
labeled data.

2.1.1 WHO coding tool

The WHO (World Health Organization) developed a dynamic search interface designed to simplify
medical indexing, called ICD-11 Coding Tool. Its functionality is based on three main pillars, the
first two visible in Figure 2.1.

First, Predictive Input generates a word list on the left as the user types. It completes terms and
suggests related words based on their frequency in the ICD-11.

Second, the central section displays Destination Entities, such as codes and labels. They are ranked
by relevance. Specific icons on the side signal additional details, like coding notes or the avail-
ability /need for “post-coordination” (combining multiple codes). More details are provided when
clicking on a result, along with the possibility to see the suggested code inside the hierarchy.



Finally, if no exact result is found, a “Flexible” mode suggests broader variants or synonyms. For
example, it might replace a specific term with a parent category. A side panel also allows users to
view results by chapter or restrict the search to specific medical fields [17].

ICD-11 Coding Tool

fracture of skull X
Related words. = Filte
Word list Destination Entities
sort : | Relatedness/repetition v sort: | Matching score v
base NA02.Z Fracture of skull or facial bones, part unspecified +)(®) [Deta
vault fracture of skull NOS *
frontal
other NA02.8 Multiple fractures involving skull or facial bones
multiple Matching Terms Postcoordination
pathological Multiple fractures involving skull or facial bones +
birth Multiple fractures of skull s
Injury Fracture of skull with face bones B
bone
facial Related categories in perinatal chapter (K
basilar Fracture of skull due to birth injury, unspecified (KA45.0Z)
i Birth injury to facial bones, unspecified (KA45.2Z)
nonunion
parietal Coding Note &
delayed Each injury should be coded separately. This code should be used only when the detail of the specific injuries is unknown, o it is not possible to code
each injury.
union
neoplastic =D
disease ' ; )
fossa FB80.B Pathological fracture ¥ [Details]
Pathological fracture, skull
part
vertical NA02.1Z Fracture of base of skull, unspecified +)(®) [Details
vertex NA02.00 Fracture of squama of frontal bone of skull +)(K) [Details
anterior FB8O.8  Nonunion of fracture %) Detais
posterior Nonunion of fracture, skull
middle
NA02.1A Other fractures of base of skull +([®) [eta
involving
linear NA02.0Z Fracture of vault of skull, unspecified +([®) [eta
temporal NA02.01 Fracture of parietal bone of skull + (®) [Detai
sinus NA02.14 Fracture of frontal sinus of skull +(®) [Deta
! I FB80.9 Delayed union of fracture +) [Deta
maiunion Delayed union of fracture, skull
ii
squama KA45.0Z Fracture of skull due to birth injury, unspecified +) [Deta
iii NA02.Y Fracture of other specified skull or facial bones + (&) [Detai
not KA45.0Y Other specified fracture of skull due to birth injury +) [Deta
neck NA0210  Fracture of anterior fossa of base of skull H® Dets
sequelze NA02.12 Fract f f f b f skull D
+(®) [Details
sphenoid 8 racture of posterior fossa of base of sku
depressed NA02.19 Fracture of other part of occipital bone of skull + (®) [Details

Figure 2.1: Example search in WHO ICD-11 coding tool

The WHO also offers a REST API exposing the same search capabilities as the Coding Tool,
including word completion, flexible search, and chapter filtering. These search features are only
available for ICD-11; the API’s ICD-10 support is limited to direct code lookup by URIL!

The ICD-11 Coding Tool and API are freely accessible but unfortunately not released as open-
source software. Therefore, we do not know what algorithms and models are used behind the screen.

2.1.2 Lexical similarity

As a first approach to the group of words to ICD code task, we examine methods based on lexical
similarity. Rather than understanding the meaning of a phrase, these techniques treat text as a
sequence of characters or tokens. They measure how similar two strings look on the surface. In
other words, they ask: how much do these two pieces of text resemble each other visually? This
family of methods is known as string matching.

One common approach is the Levenshtein distance. This metric counts the minimum number of
character changes (insertions, deletions, or substitutions) needed to turn one string into another.

Another popular method is the Dice-Sgrensen coefficient. This measure calculates the overlap be-
tween two strings by comparing the specific pairs of characters they share. In practice, this family
also includes n-gram similarity. A n-gram is a contiguous sequence of n items from a given sequence
of text. This is based on the assumption that, in a sequence of text, the n-th word depends only
on the last n-1 word that precedes it. If the appearance of one term merely relies on the last one
word that precedes it, we call it bigrams (n = 2) [18]. These tools are effective for finding exact or
near-exact matches in medical terminology.

'World Health Organization. ICD API v2 Documentation (Swagger Index). https://id.who.int/swagger/
index.html.Accessed:2026-04-16, 2024. Accessed: 2026-04-17



A more structured variant of string matching is the Longest Common Subsequence (LCS). Rather
than comparing adjacent characters, LCS identifies the longest series of characters that appear in
the same order in both strings, even if they are not contiguous. This makes it more robust to
insertions or rewordings than simpler character level metrics.

A subsequent study improved this approach by integrating semantic similarity into the calculation,
using a medical ontology to recognise synonyms and near-synonyms within sequences (2017) [19].
The authors also introduced a new weighting formula called W-LCS. This formula increases the
weight of the common subsequence relative to the total string length, creating more distinct scores
between different candidate diagnoses.

To evaluate the model, the authors used 2,036 real clinical documents from a partner hospital.
Two professional coders manually assigned ICD-10 codes to ensure a reliable test base. A code
was only included in the reference set if both experts agreed on the result.

The study compared three similarity measures on a sample of 1,000 hepatitis-related diagnoses.
The goal was to test the algorithm’s ability to produce a “strong” score for a true match while
ignoring “noise.” The results were the following:

e Classic LCS: A simple ratio between the common sequence and the longest string. It
achieved an average similarity score of 0.60, which was considered too conservative as it
penalises length differences heavily.

e Twofold LCS (T-LCS): A ratio based on the combined lengths of both strings. It improved
the average score to 0.72, but it remained insufficient for many complex diagnoses.

e Weighted LCS (W-LCS): The authors’ proposed method. It achieved the highest average
similarity score of 0.78, providing the most discriminant results between candidate diagnoses.

The table 2.1 compares the performance of W-LCS against other standard NLP methods. Precision
captures the cost of false alarms (predicting codes that are not relevant), while recall captures the
cost of omissions (missing codes that should have been predicted). F-score is their harmonic mean,
which penalises models that sacrifice one for another. And here word matching means if two words
are exactly the same, their similarity is 1, otherwise the similarity is 0 [19].

Table 2.1: Performance comparison of the algorithms (F-score) on 2,036 real clinical documents
from a partner hospital

Method Precision | Recall | F-score
W-LCS 82,1% 80,2% | 81,1%
Bigrams (n=2)[18§] 81,9% 79,3% 80,6%
Word Matching (Exact) 78,1% 74.1% 76%

As the results demonstrate, exact Word Matching methods show the weakest performance. This
confirms that ICD coding cannot rely on simple text searches. Clinicians frequently use synonyms,
abbreviations, or make typing errors that these methods cannot catch.

The Bigram approach (n = 2) achieves a respectable score. However, it remains limited because it
only captures local dependencies between two adjacent words. The W-LCS algorithm outperforms
these methods by combining sentence structure with targeted medical expertise. It uses a medical
ontology to resolve synonyms during preprocessing, paired with a quadratic length-normalisation
formula.

2.1.3 Terminology-guided normalisation

Clinical notes rarely use the exact terms found in ICD-10. Clinicians write in natural language,
using abbreviations, synonyms, medical jargon, and regional variants that do not map directly to
administrative code labels. Terminology-guided normalisation addresses this gap by first mapping
free text to a structured clinical vocabulary, such as SNOMED CT? or UMLS before linking
those normalised concepts to ICD codes. SNOMED CT is a comprehensive clinical terminology
used to encode health information and improve patient care [20], while UMLS integrates many
biomedical vocabularies to enable interoperability [21]. Both contain hundreds of synonyms for a

2SNOMED International. What is SNOMED CT. https://www.snomed.org/what-is-snomed-ct. Accessed:
2026-03-21.



single concept, making them far better suited to capture the variability of clinical language than
the rigid labels of ICD-10.

The system proposed by Nguyen et al. (2018) uses this approach by transforming word groups
into normalised concepts from SNOMED CT and UMLS, which are then mapped to ICD-10 codes
using the NLM UMLS Metathesaurus and CSIRO Inhouse Maps [22].

Table 2.2 details the system’s effectiveness based on the terminologies used and the code granular-
ity. Mapping through SNOMED CT offers higher sensitivity compared to UMLS. For full codes, it
reaches 54.1% versus 41.9%. This is crucial for capturing all diagnoses, even if it slightly increases
false positives. Performance improves by approximately 10% when targeting 3-character disease
groups. This shows the system identifies general pathologies well but struggles with the extreme
precision of 4th or 5th characters. Finally, filtering out long or non-acute stays significantly im-
proves the F-measure. This proves that coding quality depends heavily on the relevance of the
processed notes.

Table 2.2: Overall effectiveness of the CAC (Computer assisted coding ) system (Extracts from
Tables 3 and 4) on a private dataset of the Gold Coast Hospital and Health Service (GCHHS) in
Australia

Model and Filter UMLS to ICD-10-AM SNOMED CT to ICD-10-AM
Precision Recall Fl-score PPV Sens. F-mes.

Full codes

All stays 72,6% 36,5% 48,6% 69,6% 47,0% 56,1%

Complete Filter* 73,1% 41,9% 53,3% 70,2%  54,1% 61,1%

3-char codes

All stays 76,4% 46,0% 57,4% 73,2%  58,4% 65,0%

Complete Filter* 76,8% 51,9% 61,9% 73,7%  65,9% 69,6%

*Note : Full filtering includes Care Type, Length of Stay (LOS), and Admission Type. The baseline sensitivity for
manual validation is 76.3%.

2.1.4 Static word embeddings and semantic similarity

Before the rise of transformer-based models, semantic similarity in biomedical NLP was approached
through static word embeddings. The core idea, introduced by Word2Vec (2013) [23] and later
refined by GloVe (2014) [24], is to represent each word as a dense vector, after training on large
text corpora, such that semantically related words end up close together in the vector space.

In the biomedical domain, this approach was adapted to capture the specificity of clinical and scien-
tific language. BioWordVec (2019) [25] and BioSentVec (2019) [26] extended these ideas by training
on PubMed abstracts and clinical notes from MIMIC-III, producing embeddings that better re-
flect biomedical terminology. BioSentVec in particular introduced sentence-level representations,
allowing the comparison of short clinical phrases rather than isolated words.

However, static embeddings have a fundamental limitation: each word has a single fixed vector,
regardless of context. This context insensitivity makes them poorly suited for clinical text, where
meaning often depends heavily on surrounding context. This limitation motivated the shift toward
contextual, transformer-based representations.

2.1.5 SapBert

Transformer-based models address both limitations at once. Unlike static embeddings, they pro-
duce contextual representations where the meaning of a word depends on its surrounding text.
Unlike terminology-based approaches [22], they do not rely on rigid manual mappings or exhaus-
tive synonym lists.

SapBERT manages synonyms by learning the semantic proximity between words (2021) [27]. It
builds an abstract representation space through a learning procedure that positions semantically
similar entities close to each other. Consequently, SapBERT understands that “infarct” and “heart
attack” are related, even if exact matches are missing. This model captures deep semantic simi-
larity where lexical methods fail.

SapBERT acts as an encoder to produce mathematical embeddings (2024) [28]. It transforms word
groups and terminology descriptions into dense vectors. While originally used for SNOMED-CT,



this approach can be applied to ICD-10 by encoding official code descriptions.

Once all 350,000 SNOMED CT descriptions have been encoded into vectors using SapBERT, the
system encodes the input word group in the same way. FAISS is then used to find the code
description whose embedding is closest to the input embedding [28]. This similarity search is
performed across all codes at once, making it both exhaustive and efficient.

FAISS is an open source library developed by Meta for efficient vector clustering and searching. 3.
Specifically, the IndexFlatL2 approach stores all vectors in memory and uses brute-force search to
find the nearest neighbors via Euclidean distance.

Results show significant efficiency, especially on the English n2c¢2 dataset. The system outperforms
classic dictionary methods. For entity recognition, it achieves an Fl-score of 58,2% compared to
a 50,6% baseline. In normalisation (MCN), it reaches 35,3% versus 28%. The model performs
exceptionally well in the “Disorders” category, with a normalisation F1-score of 87,1% [28].

The primary advantage of this approach is that as there is no need for fine-tuning; it requires
no additional annotated training data. SapBERT and FAISS are both readily available, making
the system straightforward to deploy in a hospital setting. This drastically lowers the barrier to
adopting coding assistance tools. Overall, the combination of SapBERT and FAISS demonstrates
that deep medical meaning can be captured without expensive supervised learning.

2.2 Discharge notes to ICD codes

This section now addresses a more complex task: predicting ICD codes from full discharge notes.
A discharge note, also called a discharge summary, is a clinical document written by a physician at
the end of a hospital stay. It summarises the patient’s reason for admission, the diagnoses made,
the procedures performed, the treatments administered, and the follow up plan. These documents
are typically long and contain a mix of structured and unstructured information.

Following the same progression as in the previous section, we move from simple statistical ap-
proaches to increasingly sophisticated models. For this task, the evolution is particularly pro-
nounced: early statistical methods are quickly outpaced by neural approaches. We will trace this
trajectory from the first sequence based neural models up to label aware transformer architectures.

Two structural properties of ICD coding are essential. They motivate many architectural choices.
The first is the extreme length of discharge summaries. Clinical notes often contain thousands of
words, spread across sections of very different relevance. Relevant evidence for a given code may
appear anywhere in the note, from past medical history to the final discharge diagnosis. This makes
it difficult for any model to process the full document at once without losing important information.

The second is the hierarchical structure of the label space. ICD codes are not flat and indepen-
dent. They are organised from broad diagnostic chapters down to highly specific full codes. This
structure is medically meaningful. A model that predicts the wrong full code but stays within
the correct diagnostic family makes a less severe error than one predicting a completely unrelated
code. Moreover, rare codes can benefit from the broader and more stable patterns of their parent
categories. Several studies have shown that exploiting this hierarchy improves performance on rare
codes and makes predictions more clinically coherent [15, 29, 30].

Both challenges are addressed progressively across the models reviewed in this section.

2.2.1 Early statistical approaches to automated ICD coding of discharge
notes

A first approach consists of analyzing the statistical properties of discharge notes. One well-known
method is TF-IDF (Term Frequency—Inverse Document Frequency). It measures how important
a word is within a document relative to a larger corpus [31]. It combines two complementary
components: term frequency, which measures how often a word appears in a document, and inverse
document frequency, which penalises words that appear in many documents and are therefore less
distinctive. This balance allows TF-IDF to highlight terms that are both frequent within a specific

3Meta Fundamentals of AT Research Welcome to Faiss documentation. https://faiss.ai/. Accessed: 2026-03-
26.



document and distinctive across the corpus. It is a widely used tool for tasks such as search ranking,
text classification, and keyword extraction. However, despite its computational efficiency, TF-IDF
relies purely on word frequency and therefore presents three critical limitations when applied to
ICD-10 coding.

Semantic shallowness. TF-IDF produces a representation that treats each term as an isolated
token. This representation ignores the surrounding context. As a result, it cannot recognise that
semantically equivalent clinical expressions refer to the same diagnostic concept [32].

Sensitivity to label skewness. ICD-10 codes follow a highly skewed distribution: in practice,
over 80% of codes appear in fewer than 1% of clinical reports. Since TF-IDF relies entirely on term
frequency statistics, it lacks sufficient signal to produce stable feature weights for these rare tail
labels. It leads to systematically poor performance on infrequent but clinically important codes
[32].

Insensitivity to document structure and negation. Discharge summaries are typically
lengthy, heterogeneous documents. They combine sections of very different clinical relevance (e.g.,
Principal Diagnosis, Past Medical History, Social History). TF-IDF assigns weights uniformly
across the entire document. It fails to distinguish a confirmed diagnosis from a negated finding
(e.g., “no sign of pneumonia”), and treats clinically critical sections identically to peripheral back-
ground information.

To address these limitations, subsequent works moved towards deep distributed representations,
such as CNN, RNN or LSTM.

2.2.2 Neural networks

In 2016, Nigam compared several architectures proposed to address the limitations of statistical
approaches (TF-IDF): Logistic Regression (baseline), Feed-Forward Networks, RNN, LSTM, and
GRU [33]. The key innovation, common to all those methods, was to treat clinical notes sequen-
tially. They used the 20 most recent notes per patient to capture the evolution of the medical
record over time. The results clearly favored deep learning. The GRU (Gated Recurrent Unit)
achieved the best performance, reaching an F1l-score of 0.42 on the 10 most frequent ICD-9 codes
for the MIMIC-III dataset. Both LSTM (Long Short-Term Memory) and GRU are recurrent neural
networks designed to process sequences step by step while selectively remembering or forgetting
information over time. The GRU is a simplified variant of the LSTM: it achieves similar results
with fewer parameters and faster training.

However, this result comes with a significant limitation: the problem was deliberately simplified
to only 10 codes, whereas real world ICD coding involves over 14,000 codes. GRU also suffered
from marked overfitting and struggled when scaled to larger code sets. This limited performance is
not surprising given the nature of the input. Discharge summaries are extremely long and written
in telegraphic style. They are full of abbreviations and symbols that do not follow standard
grammatical structure.

Sequential models such as LSTM and GRU are designed to capture word order and syntax. When
the input lacks meaningful order, they lose their advantage over simpler approaches.

The importance of this paper therefore lies less in its absolute scores than in its conceptual shift
[33]. It framed ICD coding as a sequence modeling problem rather than a pure feature engineering
task. It opened the way to models that could exploit word order and local context. This was
especially relevant for clinical notes, where phrases such as “acute renal failure”, “ruled out pneu-
monia” or “history of diabetes” could not be reliably interpreted through isolated token counts
alone. The models fail in these cases because they ignore context, negation, and medical history,
which completely change the meaning of a clinical term.

In parallel, convolutional models gained popularity as a simpler and faster alternative to recurrent
networks. CNN (Convolutional Neural Networks) apply small sliding filters over the text to detect
local patterns. They detect patterns such as clinically meaningful word combinations, regardless
of their position in the document. This made CNNs faster and more scalable than LSTM chains.
Chung-Chian Hsu et al. (2020) benchmarked several architectures, including SVM, CNN, LSTM,
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GRU, and HAN [34]. CNN outperformed all others. It reached a micro-F1 of 76% on the label-
to-chapter task, and between 57.5% and 67.4% on the top-50 most frequent ICD-9 codes from the
dataset MIMIC-III, clearly surpassing more complex models such as LSTM and GRU.

However, both recurrent and convolutional models had structural limits. LSTMs struggled to
retain useful information over very long notes. CNNs captured local patterns well but missed
evidence scattered across distant sections of the document. In both cases, compressing a full note
into a single vector was too crude for a task where one document might support 10 or more codes,
each grounded in a different part of the text. These limitations set the stage for the rise of attention
mechanisms.

2.2.3 Attention

The key limitation of both recurrent and convolutional models was their reliance on a single doc-
ument vector. In a long discharge summary, not every sentence is equally relevant, and different
diagnoses are supported by different parts of the text. Compressing everything into one vector
forces the model to mix signals that should remain separate.

Attention mechanisms were introduced to address this problem. Instead of treating all words
equally, an attention mechanism assigns a weight to each word or sentence, reflecting how relevant
that part of the text is for a given prediction. In practice, the model learns to focus on the most
informative fragments and ignore the rest. This is comparable to a human reader who skims a
long report and only carefully reads the sections that matter for a specific question.

However, a single attention mechanism still produces one document representation shared across
all codes. In the multi-label setting of ICD coding, this is insufficient. A code for heart failure
should not attend to the same evidence as a code for urinary tract infection or post operative com-
plication. Label-specific attention was introduced to solve this issue. Each ICD code is assigned its
own attention weights, allowing the model to read the same document differently for each diagnosis

The most influential formulation of this idea is CAML (2018) [16]. It combines a CNN encoder
with label-dependent attention, allowing the model to select the most relevant text segments for
each code independently.

At the time of publication, CAML outperformed all existing models on MIMIC-IT and MIMIC-III.
On MIMIC-IIT (Full), it reached a Micro-F1 of 53,9% and a Macro-AUC of 89,5%.

Beyond performance, CAML introduced a first practical form of explainability by highlighting
which parts of the note were responsible for each prediction. In a clinical setting, this is a funda-
mental requirement. A model that assigns a code without justification is a black box that clinicians
cannot audit, correct, or trust. Regulatory frameworks and medical practice both demand that
automated coding decisions be traceable to specific evidence in the source document. The atten-
tion weights produced by CAML provide a direct link between each predicted code and the text
fragments that support it.

LAAT (2020) [35] pushed this idea further. Instead of a CNN, it used a bidirectional LSTM
(BiLSTM) to better capture long range dependencies in lengthy discharge summaries. Its key con-
tribution was a label specific attention matrix, where each ICD code has its own attention weights.
This allows the model to read the same document differently for each diagnosis. On MIMIC-III
(Full), LAAT achieved a Micro-F1 of 57.5%, a PQ@5 of 81.3%, and a P@8 of 73.8%.

AttentionXML [36] pushed this idea even further by tackling a more extreme version of the problem:
label spaces that can reach hundreds of thousands of codes. Its two key contributions build directly
on the label-specific attention principle established by CAML and LAAT. First, it applies label-
specific attention directly on top of the text encoder, allowing each label to independently focus on
the most relevant parts of the document. Second, to handle such massive label spaces efficiently, it
organises labels hierarchically through a probabilistic label tree. It groups related codes together
before making final predictions.

Together, these models redefined how ICD coding should be structured. Rather than first summa-
rizing a note and then predicting all codes from that summary, the model should learn a separate
view of the document for each label. This shift made attention the central organizing principle of
the field, and directly set the stage for transformer based approaches.
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2.2.4 Transformers

The transition to transformer-based architectures did not abandon the attention logic developed
in the previous section. It strengthened it. Earlier models such as CAML and LAAT introduced
label-specific attention, but relied on relatively weak encoders like CNNs or LSTMs.
Transformers replaced these encoders with much richer representations. A transformer is a neural
network architecture that processes an entire sequence of words simultaneously. It uses attention
to weigh the relationship between every pair of words in the text. This allows it to capture the
meaning of a clinical term based on its surrounding context, the section it appears in, and the way
diagnoses are phrased.

One of the most popular transformer model is BERT (Bidirectional Encoder Representations from
Transformers), which reads text in both directions at once and was pretrained on large general
purpose corpora such as Wikipedia and books.

A key difference from earlier approaches is how words are represented. Previous models used static
embeddings such as Word2Vec (2013) [23] or GloVe (2014) [24], where each word always has the
same vector regardless of context. Transformers produce contextual representations: the word cold
means something different in ”the patient has a cold” and ”cold extremities”. A transformer can
capture this distinction from context

However, applying transformers to ICD coding was not straightforward. Three specific challenges
required dedicated solutions: the length problem — discharge summaries far exceed the 512 token
limit of standard encoders; the label space problem — ICD-10 contains over 155,000 codes, many of
which are extremely rare; and the vocabulary problem — general purpose models were not trained
on clinical or biomedical text. The following papers each tackled one or more of these challenges.
The length problem became particularly acute with transformer encoders. Standard encoders such
as BERT are constrained to a maximum of 512 tokens, making it impossible to feed it the full note
directly.

The literature has converged toward two main strategies. The first splits the note into independent
chunks. Then, it encodes each chunk separately and aggregates the results. The second replaces
standard encoders with long context transformers such as Longformer or BigBird. These encoders
can directly process much longer sequences.

The models presented below illustrate how the field progressively refined the first strategy. It
moves from simple max pooling aggregation toward more structured label aware mechanisms.

Trans-ICD (2021) [37] primarily addresses the length problem and the label space problem. The
note is split into chunks and encoded by a transformer combined with label wise attention. This
paper makes two important points. First, the label specific attention idea from CAML and LAAT
remained valuable even after moving to transformers. Second, better contextual representations
alone are not sufficient: the model still needs a separate view of the document for each code.

The results on MIMIC-III Top-50 confirm this clearly. As shown in Table 2.3, a plain transformer
without attention had micro-F1 performance below CAML. Adding attention brought the score
up by only 3%. The full TransICD model, which also includes an LDAM loss to handle rare codes,
reached Micro-F1 of 64,4%, outperforming all previous models. LDAM (Label-Distribution-Aware
Margin) is a loss function that imposes a larger penalty for misclassifying rare codes during train-
ing, forcing the model to remain accurate even on infrequent diagnoses.

However, TransICD was trained from scratch on MIMIC-III, which is expensive and requires large
amounts of data. A more efficient strategy is to start from a pretrained language model and adapt
it to the clinical domain.

BERT-XML (2020) [38] addressed this matter by starting from a pretrained BERT encoder. Then
the model is based on AttentionXML to handle the label space problem[36], see Section 2.2.3.
BERT-XML adapted this framework to long clinical documents by addressing the length problem
through chunking. The document is first split into independent chunks. Each chunk is encoded
separately by BERT. Then, for each code, a label specific attention mechanism identifies the most
relevant tokens within each chunk.

A max pooling step then aggregates the predictions across all chunks to produce the final score.

This approach has one structural limitation. By processing chunks independently, the model can-
not capture relationships that span across different parts of the document. For example, if a
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condition is suggested in one chunk but only confirmed in a later one, BERT-XML treats these as
separate pieces of evidence and may miss the connection.

Table 2.3: CAML versus transformer-based models on MIMIC-IIT Top-50. Micro metrics are
dominated by frequent codes; macro metrics give equal weight to all codes and better reflect
performance on rare ones.

Models AUC F1 P@5
Macro  Micro  Macro  Micro

CAML [16] 87,5%  90,9%  532% 614%  60,9%

Transformer 85,2% 839% 478%  56,3%  56,5%

Transformer + Attention 882%  91,1%  494%  59,3%  59,6%

TransICD (Best) 89,4% 92,3% 56,2% 64,4% 61,7%

PLM-ICD (2022) [4] addressed this limitation with segment pooling. The note is still split into
chunks to address the length problem and each chunk is encoded separately by BERT. However,
instead of making a prediction from each chunk independently, all chunk representations are con-
catenated into a single sequence before the label aware attention is applied.

This means the attention mechanism can now look across the entire note at once, rather than
being confined to a single chunk. A condition mentioned in the first chunk and confirmed in the
last chunk can therefore contribute jointly to the same code prediction.

For the label space problem, it used a label aware attention layer inspired by LAAT. Each code
independently searches for its own evidence across the full document.

For the vocabulary problem,, it replaced general purpose BERT with domain specific encoders. An
example of domain specific encoders is BioBERT (2020), which is based on BERT and fine-tuned
on PubMed abstracts and PMC data. This improves its understanding of medical language [8].
Clinical BERT (2019) adapted BERT to hospital text using MIMIC-III clinical notes, making it
more sensitive to the writing style found in discharge summaries [7].

PubMedBERT (2021) went one step further by training an entirely new model from scratch on
biomedical corpora. It shows that full domain pretraining can outperform simple adaptations
[6]. RoBERTa (Robustly Optimised BERT Pretraining Approach) is a variant of BERT that uses
the same architecture but was trained on more data, for longer, and without the next-sentence
prediction objective that BERT originally used. These changes consistently improve downstream
performance. RoOBERTa-PM is a version of RoOBERTa pretrained specifically on PubMed abstracts,
combining the architectural improvements of RoOBERTa with biomedical domain knowledge.
PLM-ICD used PubMedBERT and RoBERTa-PM as its encoders. The combination of these three
improvements pushed PLM-ICD to state-of-the-art performance, as shown in Table 2.4: a Micro-
F1 of 59.8% and a PQ5 of 84.4% on MIMIC-III Full, outperforming both CAML and LAAT across

all metrics.

Table 2.4: Evolution of ICD coding performance on MIMIC-III Full (CAML, LAAT, PLM-ICD)

Model Fl-score (%) Precision@k (%)
Macro  Micro PQ@5 P@8§ Pa@ls

CAML (2018) 8,8 53,9 70,9 56,1 -

LAAT (2020) 9.9 575 81,3 738 591

PLM-ICD (2022) 10,4 59,8 84,4 77,1 61,3

More recent work pushed this line further by injecting structured medical knowledge directly into
the model. GKI-ICD (2025) [39] addresses this by injecting three complementary sources of struc-
tured knowledge directly into the training process.

For each clinical note, the model constructs a synthetic guideline sequence. It aggregates the official
textual description of each ICD code, clinical synonyms retrieved from UMLS, and the descriptions
of parent codes extracted from the ICD hierarchy. This guideline captures the medical meaning of
each label in a clean, noise free form.

The architecture follows the same general pattern as PLM-ICD. The key innovation lies in the
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training objective. Instead of a single classification loss, the model optimises three terms simulta-
neously. The first is a standard classification loss on the real clinical note. The second applies the
same classification loss on the synthetic guideline, forcing the model to anchor its label represen-
tations to official medical definitions. The third is a cosine similarity loss that pushes the evidence
vector extracted from the clinical note closer to the evidence vector extracted from the guideline.
This alignment acts as a regulariser. It prevents the model from learning false correlations in
clinical text, and provides rich supervision for rare codes that have very few real training exam-
ples. Importantly, this knowledge is fully absorbed into the model weights during training, so no
additional parameters or external resources are needed at inference time.

2.2.5 Pipeline

The previous sections focused on two core questions: how to encode a clinical note into a mean-
ingful representation, and how to identify which parts of that note support each specific ICD code.
A third and equally important question is how these components are assembled into a complete
coding pipeline. The literature shows three broad architectural strategies, each reflecting a differ-
ent trade off between performance, explainability, and complexity.

Direct classification. The simplest strategy is to feed the full note into a transformer based
model and directly predict all codes from the output representations. Models such as PLM-ICD
follow this pattern [4].

The encoder produces contextual token representations. Then, label aware attention selects the
relevant fragments for each code, and a classifier produces the final predictions. This approach is
computationally efficient and achieves strong performance on standard benchmarks. In practice,
the top predicted codes can be selected by keeping those with the highest probability scores above
a fixed threshold.

NER and NEL pipelines. A second strategy decomposes the task into two explicit steps.
Named Entity Recognition (NER) first identifies clinically meaningful spans in the note, such
as diagnoses, symptoms, or procedures. Named Entity Linking (NEL) then maps each detected
span to a normalised medical concept or a candidate ICD code. NEL is closely related to the
terminology-guided normalisation introduced earlier (Section 2.1.3). They both aim to bridge the
gap between the free form language of clinical notes excerpts and the structured vocabulary of
a reference terminology. The key difference is that terminology-guided normalisation operates on
the full document using predefined mappings, whereas NEL operates on specific text spans iden-
tified by NER, making each prediction directly traceable to a fragment of the note. This pipeline
is attractive because it makes the coding path easier to inspect. Instead of relying on opaque
document level attention, the model explicitly shows which text spans support which codes. Hi-
erarchical NER then NEL strategies with in-domain transformers have shown strong results on
explainable coding benchmarks (2023) [40].

More recent work goes one step further by framing the entire problem as entity linking (2025) [41].
Rather than classifying a full document into a set of codes, the model is given a specific clinical
mention, such as “type 2 diabetes”, and must link it to its corresponding ICD-10 code. This makes
each prediction directly traceable to a specific fragment of the note. The authors tested three
models based on BioMistral, a transformer decoder pretrained on biomedical text. The first model
constructed from BioMistral uses in context learning, where a few examples are provided in the
prompt without any retraining [41]. The second model uses supervised fine-tuning on thousands of
mention-to-code pairs. These two models work on individual mentions that are already identified
in the text. The third model, named INSGENEL, is different. It processes the entire document
at once and rewrites it by inserting ICD codes next to each detected condition. It handles both
detection and linking in a single pass. This makes it the closest to a true end-to-end coding system.
To prevent the model from generating invalid codes, a constrained decoding mechanism forces the
output to always form a valid ICD-10 code. The models were evaluated on CodiEsp, a dataset
of Spanish clinical notes annotated with ICD-10 codes. Fine-tuned models clearly outperformed
the prompt only approach, reaching a micro-accuracy of 66.85% on the dataset CodiEsp for IN-
SGENEL, while the first model with the in context learning baseline scored only around 6-10%,
confirming that ICD coding is too complex to solve with a few prompt examples alone.

However, NER and NEL are not the obvious first choice for broad full note ICD coding. Many ICD
assignments depend on the entire document rather than a single mention. A discharge summary
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contains dispersed evidence across history, assessment, procedures, and discharge plans. Some
codes are inferred from combinations of findings or temporal context rather than a neat one-to-one
mention mapping. This is one reason why direct concept extraction did not consistently improve
document level coding performance in controlled experiments [42].

Candidate generation and reranking. A third strategy tackles the large label space directly
through a two-stage pipeline. Rather than predicting a code among thousands of possibilities at
once, a retriever first narrows the space of possible codes to a manageable set of candidates. A
reranker then scores each candidate more carefully using richer interactions between the note and
the code description. This design is well suited to ICD coding because the label space is very large
and strongly long tailed. Most codes appear rarely, and a single stage classifier struggles to recover
them.

A hybrid retrieval approach (2024) [43] combines three sources of evidence to reduce the space
from approximately 9,000 codes to around 1,300 candidates. First, auxiliary clinical data already
present in the record are used to prioritise relevant code families. For example, if a patient is
prescribed insulin, the retriever promotes diabetes related codes. Second, BM25, a standard text
search engine, compares the words of the note against official ICD code descriptions.

The reranking step then uses three complementary components. Clinical Longformer, a trans-
former capable of processing up to 4,000 tokens, replaces standard BERT. It captures evidence
scattered across long discharge summaries. A graph based module called Graphormer, models
relationships between diagnoses, such as the link between obesity and hypertension. Finally, con-
trastive learning trains the model to bring the note representation closer to correct codes and
push it away from incorrect ones in the vector space. This last point is conceptually close to the
SapBERT and FAISS approach described in Section 2.1.5, which also relies on vector similarity to
match clinical text to code descriptions.

The results on MIMIC-IIT Full confirm the value of this design. The model reaches a Precision@15
of 62.3%, compared to 56.1% for CAML, and shows particularly strong gains on rare codes that
appear fewer than ten times in the training data. The study also shows that switching from Clin-
icalBERT (512 tokens) to Clinical Longformer (4,000 tokens) significantly improves performance,
confirming that important diagnostic evidence is often found late in discharge summaries.

The FLASH-ICD framework (2023) [44] follows the same "retrieve then rerank” pattern with con-
trastive learning. Their retrieval step uses contrastive learning to shortlist the most probable codes.
Then, the reranker processes the full note against each candidate using an efficient transformer
variant designed for long documents.

On MIMIC-III Full, their pipeline reaches a Micro-F1 of 59%. They also show that adding this two
stage structure improves existing base models. This suggests that candidate filtering is broadly
beneficial, regardless of the underlying architecture.

Conclusion. These three strategies reflect a clear evolution in how the field has approached the
structural challenges of ICD coding. Direct classification models are simple and effective but treat
the entire label space at once.

NER and NEL pipelines offer better explainability but struggle with document level synthesis.
”Retrieve then rerank” systems currently achieve the strongest results on broad coding benchmarks
by decomposing the problem into a manageable two stage process.

Across all three strategies, two recurring principles stand out: the importance of handling long
documents and of using embeddings to represent both clinical notes and code descriptions. This
allows similarity to be measured directly rather than relying on rigid word-by-word matching.

2.3 Clinical deployment and integration

Most of the models reviewed in this chapter were evaluated on benchmark datasets. However,
their integration into real clinical workflows raises additional challenges. In practice, automated
ICD coding tools must interface with existing hospital information systems to be usable by clini-
cians. The gap between research performance and clinical usability is a recurring concern in the
literature.
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A model that achieves strong benchmark results is not automatically ready for deployment. It
must be accessible to clinicians, interpretable enough to support their decisions, and integrated
into their existing workflow without disruption.

OpenMRS is an open-source electronic medical record platform. It was originally developed in 2004
through a collaboration between Regenstrief Institute and Partners in Health, and is now main-
tained by a global community of developers and implementers. It is designed with resource-limited
healthcare settings in mind, and is actively deployed in over 40 countries across sub-Saharan Africa,
Asia, and Latin America. Its architecture is built on the Java Spring framework with a Hibernate
persistence layer, and it exposes a rich API that abstracts clinical data operations behind a service
layer [45]. Its modular architecture allows external tools and models to be integrated as plugins
or services. This makes it a natural deployment target for coding assistance tools.

Prior work (2015) has explored structuring free clinical narratives within OpenMRS through med-
ical concept extraction [46]. The ICD-11 API has also been integrated into an OpenMRS-based
national electronic medical record system in Rwanda (2025) [47], demonstrating that OpenMRS
can support standardised diagnostic coding at a national scale. Although the literature on fully
automatic ICD coding within OpenMRS remains limited, these studies show that OpenMRS is a
realistic deployment target for coding assistance tools.
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Chapter 3

Problem statement

Clinical coding is the process of translating medical information from patient records into stan-
dardised codes from a controlled terminology. It is a critical step in hospital administration, billing,
and epidemiological surveillance. In practice, however, it is performed manually by trained coders.
It is a process that is slow, costly, and prone to inconsistency. Automating this process is therefore
a long standing challenge in clinical NLP.

This thesis addresses two related tasks within this broader problem. The first is linking a group
of words to ICD-10 codes. Given a short clinical expression, the goal is to identify the most
relevant ICD-10 code from a large catalogue. This task serves as an entry point into the broader
coding problem. It allows us to explore the structure of the ICD terminology and evaluate retrieval
approaches in a controlled, smaller scale setting before tackling the full complexity of discharge
note coding.

The second, and more challenging, task is automatic coding from full discharge notes. Unlike
short expressions, discharge notes are long, noisy, and written in a heterogeneous clinical language.
A single note may justify dozens of codes simultaneously. This makes the task both a multi-label
classification problem and a text understanding challenge. The hierarchical organisation of ICD
codes, from broad chapters down to granular leaf codes is an additional structural property that
can be exploited to guide the classification.

As shown in the state of the art, significant progress has been made over the past two decades. Yet
most existing work focuses exclusively on benchmark performance, leaving a gap between research
models and tools that can realistically be deployed in hospitals. Bridging this gap is a central
motivation of our thesis.

We therefore pursue two objectives in parallel. The first is to build and evaluate competitive
models for both tasks, addressing known challenges such as note length, large and imbalanced
code sets, and the hierarchical structure of ICD.

The second objective is deployability. We aim to produce an open source system that operates
entirely offline, without external API or cloud dependency at inference time. This system will
be integrated into OpenMRS, a widely adopted open source hospital information system, making
it accessible to institutions with limited infrastructure.

Particular attention is also given to the user interface. It must be practical and readable for clinical
coders in their daily workflow.

In summary, the objectives of this thesis are the following:
e to build and evaluate a robust pipeline for group of words to ICD-10-CM codes;

e to train and compare models for automatic ICD coding from discharge notes, addressing the
challenges of note length, large code sets, and clinical vocabulary;

e to exploit the hierarchical structure of ICD codes to improve classification;

e to deliver an offline, open source implementation integrated into OpenMRS, with a practical
interface designed for real world clinical coding.
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Chapter 4

Technical background

This chapter introduces the technical concepts and methods underlying the approaches developed
in this study. We begin with classical text representations based on term statistics, then describe
the Transformer architecture and its application to biomedical text through BERT-based models.
We then present strategies for handling long clinical documents, and conclude with the evaluation
metrics used throughout the experimental chapters.

Before text is fed into a model, words must be converted into numerical representations. Sparse,
count based methods such as Bag of Words and TF-IDF represent documents as fixed size vectors
over a vocabulary. While simple and interpretable, they ignore word order and treat semantically
similar words as unrelated. Static embeddings such as Word2Vec [48] address the latter limitation
by mapping words to dense vectors that capture semantic similarity, but a given word always
receives the same representation regardless of its context. Contextual embeddings overcome this
issue by generating token representations that vary with the surrounding context. This is the
approach adopted in this thesis, described in Section 4.5.

4.1 TF-IDF

TF-IDF (Term Frequency—Inverse Document Frequency) is a classical statistical measure used to
evaluate the importance of a term within a document relative to a collection of documents, called
a corpus [31].

It combines two complementary signals: how frequently a term appears in a given document, and
how rarely it appears across the corpus as a whole. A high TF-IDF score indicates that a term is
both frequent in the document and distinctive with respect to the corpus.

Term frequency

The term frequency measures how often a term ¢ appears in a document d, under the assumption
that higher occurrence indicates greater relevance:

Nt.d

Zt’ed N d

where n; ¢ denotes the raw count of term ¢ in document d, and the denominator normalises by the
total number of terms in d, ensuring that longer documents are not unfairly penalised.

TF(t,d) = (4.1)

Inverse document frequency

While term frequency captures local importance, common terms such as the or is tend to appear
frequently in almost every document and carry little discriminative information. The inverse
document frequency down-weights such terms while amplifying the importance of rare, informative
ones:

D|
HdeD:ted}| +1

where |D| is the total number of documents in the corpus and |{d € D : t € d}| is the number
of documents containing term ¢. The 41 in the denominator is a smoothing term that prevents
division by zero for terms that do not appear in the corpus.

IDF(t, D) = log

(4.2)
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Combined score

The final TF-IDF weight assigned to term ¢ in document d is the product of both components:
TF-IDF(¢,d, D) = TF(t,d) x IDF(¢, D) (4.3)

This score is high when a term appears frequently in a specific document but rarely across the
corpus, making it a useful signal for identifying the most characteristic terms of a document.

In practice, a collection of documents is represented as a TF-IDF matrix X € R"*Y where n is
the number of documents and v is the vocabulary size. Each entry X; ; corresponds to the TF-IDF
score of term j in document . This sparse matrix representation is commonly used as input to
machine learning models such as logistic regression or support vector machines. However, TF-IDF
treats each term independently and does not capture word order or semantic relationships between
terms, which motivates the use of more expressive representations such as word embeddings or
contextual models (Section 4.3).

4.2 Bidirectional GRU

The Gated Recurrent Unit (GRU) [49] is a recurrent architecture designed to model sequential
dependencies while mitigating the vanishing gradient problem that affects standard RNNs. At
each time step ¢, the GRU computes a hidden state h; € R? through two gating mechanisms that
control the flow of information.

The reset gate r; determines how much of the previous hidden state is used to compute the

candidate state:
ry = O'(WT»Xt + U7-ht_1 + b7) (44)

The update gate z; controls how much of the previous hidden state is carried forward versus
replaced by new information:
Zy = O'(szt + Uzhtfl + bz) (45)

A candidate hidden state h; is computed from the current input and the selectively reset previous
state: ~
ht = tanh(WhXt + Uh(rt ® ht—l) + bh) (46)

The final hidden state interpolates between the previous state and the candidate, controlled by
the update gate: ~
hy=(1-2z)0h; 1 +2z,Ohy (4.7)

where o is the sigmoid function and ® denotes element wise multiplication. When z; ~ 1, the new
candidate state dominates; when z; =~ 0, the previous state is preserved.

This mechanism allows the GRU to selectively forget or retain information over long sequences.
A Bidirectional GRU (BiGRU) runs two GRUs in parallel over the same sequence: one in the
forward direction and one in the backward direction. At each position ¢, the two hidden states are

concatenated:
) —
by = [, | R} e R (4.8)

_>
where h; and ﬁt are the forward and backward hidden states respectively. This allows each
position to integrate context from both past and future elements of the sequence.

4.3 Transformer architecture

Neural models learn to map inputs to outputs through successive layers of parameterised transfor-
mations. This builds increasingly abstract representations of the input. In practice, it is common to
distinguish between a backbone, the stack of layers responsible for producing rich, general-purpose
representations and a task specific head, a lightweight module placed on top of the backbone that
maps these representations to a target output space (e.g. a probability distribution over ICD
codes). This distinction is central to the approach adopted in this thesis. A pretrained backbone
is combined with a task-specific head and the entire model is fine-tuned end to end on the target
task [50].
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The Transformer [51] is the foundational architecture underlying BERT and its variants. It relies
entirely on attention mechanisms, replacing recurrence and convolution. Formally, each Trans-
former layer takes a matrix X € R™*? as input where n and d denote the sequence length and
embedding dimension, respectively. Then, it produces an output ¥ = Attention(Q, K, V) as de-
scribed in Section 4.3.1 below. We describe its core components in turn.

4.3.1 Scaled dot-product Attention

Given a sequence of n tokens, each token is projected into three vectors: a query q; € R%, a key
k; € R% and a value v; € R%. These are obtained by linear projections of the input:

Q=XW¢ (4.9)
K = XWX (4.10)
V =XWV (4.11)

where X € R"*¢ is the input matrix and W@ WX ¢ R¥>d WV ¢ R4¥4 are learned weight
matrices.
The attention output is then computed as:

Attention(Q, K, V) = soft <QKT> v (4.12)
ention(Q, K, V) = softmax )
Vdy,

The dot product QKT computes a compatibility score between every pair of tokens. Dividing by
Vdy, stabilises gradients by preventing the dot products from growing too large in high dimensions.
The softmax normalises these scores into a probability distribution over the sequence, producing

attention weights A € R™*™:
A= exp(q; - k;/v/dy)
Y exp(q; - ki /Vdy)

Each output token representation is then a weighted sum of value vectors: z; = ) j Ajjvj. This
allows every token to attend to every other token in the sequence, regardless of distance.

(4.13)

4.3.2 Multi-head Attention

Rather than computing a single attention function, the Transformer applies h attention heads in
parallel, each operating in a lower-dimensional subspace:

MultiHead(Q, K, V) = Concat(heady, . .., head;,)W? (4.14)

where head; = Attention(QWiQ, KWEX VWY) and WO € RMv*d ig a learned output projection.
Each head can specialise in capturing different types of dependencies: syntactic, semantic, or
positional. This specialisation is not architecturally enforced but emerges from training. Since
each head operates in its own learned subspace with independent projection matrices, gradient
descent naturally drives different heads to attend to different patterns when this leads to a lower
loss [52].

4.3.3 Positional Encoding

Since the attention mechanism is permutation invariant, the Transformer architecture has no in-
herent notion of token order. Processing the sequence“the cat sat” and “sat cat the” would have
identical attention outputs without additional information. To remedy this, positional information
is explicitly injected by adding a positional encoding matrix P € R"*? to the input embeddings
before they enter the model:

X' =X +P, (4.15)

where n is the sequence length and d the embedding dimension.
The approach uses fixed, deterministic encodings based on sinusoidal functions of varying frequency
[51]:

. pos

Ppos,2i = s1n(—100002i/d) , (4.16)
POs

Pros, 2i+1 = COS(W) , (4.17)
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where pos € {0,...,n—1} denotes the token position in the sequence and i € {0,...,d/2—1} the
dimension index within the embedding. Each dimension thus oscillates at a different frequency,
allowing the model to distinguish both absolute positions and, through linear combinations, rela-
tive offsets between tokens.

An alternative approach, adopted by BERT [50], replaces these encodings with learned positional
embeddings: a trainable matrix of the same shape R™*¢ is optimised jointly with the rest of the
model. While both strategies yield comparable performance in practice, sinusoidal encodings have
the advantage of generalising, in principle, to sequence lengths unseen during training.

4.4 Transformer variants

The Transformer architecture comes in three main variants, differing in how attention is applied
across the sequence. Encoder only models such as BERT [50] process the full input sequence
bidirectionally. Each token attends to all others simultaneously, producing rich contextual rep-
resentations well suited to classification and retrieval tasks. Decoder-only models such as GPT
[63] apply causal (left-to-right) attention, where each token can only attend to preceding tokens.
This autoregressive constraint makes them natural text generators but limits their ability to build
full-context representations. Finally, encoder-decoder models such as T5 [54] combine both ap-
proaches. The encoder processes the input bidirectionally, while the decoder generates the output
token by token, attending to both its own previous outputs and the encoder representations. This
architecture is particularly suited to sequence to sequence tasks such as translation or summarisa-
tion.

4.5 BERT

BERT (Bidirectional Encoder Representations from Transformers) [50] is a Transformer encoder
pre-trained on large text corpora.

BERT uses a pure encoder stack with full bidirectional self-attention. Every token attends to
all other tokens in both directions simultaneously. This makes BERT particularly well suited to
classification tasks where the full context of a sequence is available at inference time.

4.5.1 Pre-training and fine-tuning

BERT is pre-trained on unlabelled text using self-supervised objectives, most notably Masked Lan-
guage Modelling (MLM), where randomly masked tokens must be predicted from their surrounding
context. This allows BERT to learn deep bidirectional representations without requiring labelled
data. After pre-training, BERT can be fine-tuned on a downstream task by adding a task-specific
head and updating all parameters jointly.

4.5.2 Input representation

BERT uses a WordPiece [50] tokeniser to convert raw text into a sequence of subword tokens.
Rather than operating on whole words, WordPiece splits rare or unknown words into smaller
known subunits. For example, the clinical term tachycardia may be tokenised as tachy + ##cardia,
where ## indicates a continuation of the previous token. This allows the model to handle out-of-
vocabulary terms gracefully, which is particularly important in biomedical text where specialised
terminology is frequent.

A special [CLS] token precedes the sequence, and a [SEP] token marks segment boundaries. A
segment is a contiguous span of text treated as a unit, typically a sentence or a paragraph. This
allows the model to distinguish between two segments when the input consists of a pair of texts,
as in next-sentence prediction or textual entailment.

The embedding of each token is the sum of three learned components:

e; = elokn | P 4 e (4.18)

where e!°k? is the token embedding, e

segment the token belongs to.

pos

P?® is the positional embedding, and e;°® identifies the
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4.5.3 The [CLS] Token as a sequence representation

The [CLS] token precedes every input sequence. Unlike other tokens, it has no inherent lexical
meaning. However, because BERT uses full bidirectional self-attention, the [CLS] token attends to
every other token in the sequence across all layers. By the final layer, its hidden state hpgs; € R?
has aggregated information from the entire input sequence and serves as a sequence-level repre-
sentation.

At layer [, the representation of [CLS] is updated as follows:

0

[cLS

1= TransformerLayer" (h(l_l) hgl_l), .. ,hgf*1)> (4.19)

[cLs]»

At every layer, [CLS] attends to all token representations from the previous layer. After L layers,
h([égs] encodes a global summary of the sequence and is typically used as input to a classification

head.

BERT’s maximum input length is 512 tokens. Clinical notes such as discharge summaries, however,
routinely exceed this limit: a typical discharge summary contains several thousand tokens, covering
admission history, diagnoses, procedures, and follow-up instructions. Since ICD-10 codes may be
supported by evidence scattered across different sections of the document, truncating the input
risks discarding clinically relevant information. The text must therefore be split into shorter
chunks, each encoded independently. Each chunk produces its own [CLS] representation cj € R
Aggregating these chunk-level representations into a single document-level vector is a non-trivial
problem, and several strategies are described in Section 4.7.

4.6 Domain-specific BERT models

General-purpose BERT models are pre-trained on broad corpora such as Wikipedia and BookCor-
pus. However, biomedical and clinical texts exhibit a specialised vocabulary and writing style that
differs substantially from general English. Domain-specific pre-training has been shown to yield
significant performance gains on biomedical NLP tasks.

4.6.1 PubMedBERT

PubMedBERT [6] is pre-trained from scratch exclusively on PubMed abstracts and PubMed Cen-
tral full-text articles, without initialising from a general-domain checkpoint. Its vocabulary is
learned entirely from biomedical text, which avoids the fragmentation of domain specific terms
that occurs when a general-purpose tokeniser is applied to biomedical content. PubMedBERT
follows the BERT architecture: 12 Transformer layers, 12 attention heads, a hidden dimension of
768, and approximately 110M parameters[50].

4.6.2 Clinical ModernBERT

ClinicalModernBERT builds on ModernBERT [55], an updated encoder architecture that intro-
duces two key improvements over the original BERT design.

First, absolute positional embeddings are replaced by Rotary Position Embeddings (RoPE) [56],
which encode relative position information directly into the attention computation by rotating
query and key vectors:

RQ)(RK)T
Attention(Q,K, V) = softmax(w> A% (4.20)
Vg
where R is a block-diagonal rotation matrix whose angle depends on the token position. RoPE
generalises naturally to sequence lengths longer than those seen during training.

Second, ModernBERT alternates between local and global attention layers. Local layers restrict
attention to a fixed window of neighbouring tokens, reducing the quadratic complexity of full self-
attention, while global layers maintain full sequence-level context. This makes the architecture
more efficient on long sequences. ModernBERT breaks the classic 512-token barrier. It allows for
the processing of long-form documents with a context window of 8192 tokens.
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ClinicalModernBERT is further pre-trained on clinical notes, making it particularly suited to
discharge summaries and other clinical documents that contain abbreviations, structured sections,
and non-standard language.

4.7 Aggregation strategies for long documents

When a document is split into K chunks, each independently encoded by a BERT model, the result
is a sequence of chunk representations (cy,cs,...,cx) where ¢, € R?. These must be combined
into a single document level vector h € R¢ before classification. Several strategies exist for this
aggregation step.

Once a document level representation h has been obtained through one of the strategies described
above, it is passed to a classification head that produces a probability score for each ICD-10
code. The design of this classification head and the associated training objectives are described in
Chapter 5.

4.7.1 Mean pooling

The simplest approach averages the chunk representations:

h= % > ek (4.21)

This treats all chunks as equally important. It is computationally cheap and requires no additional
parameters, but cannot focus on the most relevant parts of the document.

4.7.2 Recurrent aggregation

A recurrent network can be applied over the sequence of chunk representations to capture their
ordering. Unlike mean pooling, this approach treats the chunks as a narrative sequence. Each
chunk is processed in the context of those that precede and follow it.

A Bidirectional GRU (Section 4.2) processes the sequence in both directions. The forward pass
reads from the first chunk to the last, while the backward pass reads in the reverse direction.

At each step k, the GRU updates its hidden state based on the current chunk representation cy
and the previous hidden state. This accumulates information from all previously seen chunks. The
output at each position is the concatenation of the forward and backward hidden states:

hy' = [ﬁk [ R} (4.22)

The final document representation is obtained by concatenating the last hidden states of both
directions:

haoe = [E)K H El] € R2dcru (4.23)

%
where h g is the final hidden state of the forward GRU after reading all K chunks, and Fl is the
final hidden state of the backward GRU. This vector summarises the entire sequence of chunks
and is passed to the classification head.

4.7.3 Label-wise Attention

Label wise attention [16] is a mechanism that computes a different document representation for
each target label c¢. Each label is associated with a learned query vector u, € R?, which is used to
attend over the chunk representations:

.
o = —P(uc k) (4.24)

K
Zj:l exp(u/ c;)

where ., is the attention weight assigned to chunk k for label c, reflecting how relevant that chunk
is for predicting code c¢. The label specific document representation is then the weighted sum of
chunk vectors:

he =Y "k =1%azc (4.25)
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Rather than applying a simple linear projection on h,, the classification score for label ¢ is computed
through a two layer non linear transformation:

Je = 0 (WoReLU(Wy, h,)) (4.26)

where W, € R%*? projects the label-specific representation into an intermediate space, ReLU
introduces non linearity, and W, € R%*! produces the final scalar score, which is passed through
a sigmoid o to obtain a probability. This two layer design follows the original CAML formulation
[16] and gives the model more expressive power than a direct dot product.

This approach allows the model to focus on different parts of the document for different labels. For
instance, the representation used to predict a respiratory diagnosis may attend more strongly to
chunks describing pulmonary symptoms, while the representation for a metabolic condition attends
to different chunks. This is particularly well suited to multi label settings where different labels
are supported by different parts of the document.

4.8 FEvaluation metrics

ICD-10 coding is a multi-label classification problem over a large and highly imbalanced label
space. Standard accuracy is not informative in this setting: a model that predicts no codes at all
would achieve high accuracy simply because most labels are absent for any given document.

The metrics reported in this thesis are chosen to align with those used in the automatic ICD
coding literature [16]. This ensures direct comparability with prior and concurrent work. We
follow their protocol in reporting micro- and macro-averaged F1 and precision at k, and extend it
with recall at k to better reflect our assistive use case, where surfacing the correct codes within
the top candidates is of primary importance.

4.8.1 Precision, Recall and F1-score

For a single label ¢, precision and recall are defined as:

TP, TP,

P - e 4.2
“=Th.+rR T TP 1 FN, (4.27)

where TP., FP,, and FN_ denote true positives, false positives, and false negatives for label ¢
respectively.

Precision measures the fraction of predicted labels that are correct.

Recall measures the fraction of true labels that are retrieved. The F1-score is their harmonic mean:
_2-FP.-R.

Fl.= 4.28

4.8.2 Micro and Macro Averaging

When evaluating over C' labels simultaneously, two averaging strategies are commonly used.
Micro-F1 aggregates TP, FFP, and F'N across all labels before computing the score:
c
2 Zczl TPC
C C C
2 TP.+>  _FP.+% _,FN.
Micro-F1 is dominated by frequent labels, since they contribute more counts to the numerator and

denominator.
Macro-F1 computes the Fl-score for each label independently and then averages:

Flmicro =

(4.29)

C
1
Flmacro = Z F1. (4.30)
c=1

Macro-F1 treats all labels equally regardless of their frequency. It is therefore more sensitive to
performance on rare codes, which is particularly relevant in ICD-10 coding where the label dis-
tribution is highly skewed. A small number of common codes account for the vast majority of
assignments, while most codes appear only rarely.

Both metrics are reported in this thesis. Micro-F1 reflects overall system performance on frequent

codes, while Macro-F1 captures the ability of the model to generalise across the full label space
including rare codes.
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4.8.3 Precision and Recall at &

In this work, the goal is not to produce a fully automated coding decision, but rather to assist
human coders by surfacing the most relevant candidate codes from a large label space. Concretely,
the model ranks all possible ICD-10 codes for a given clinical note, and the coder selects the
correct ones from the top-k candidates. Precision at k& (PQk) and Recall at k£ (RQk) are therefore
particularly relevant metrics, as they evaluate whether the correct codes appear among the top-k
predictions regardless of the exact decision threshold.

Given the top-k predicted codes for a document, PQk measures the fraction of those predictions
that are correct:

N o)
_ 1N
Pak = (4.31)

i=1

R@FK measures the fraction of true codes that appear in the top-k predictions:

N y5(k)
1 (V" NVl
RQk = — - 4.32
N Zi:l i (4.32)

where JA)z(k) is the set of top-k predicted codes for document 4, ); is the set of true codes, and N is
the number of documents.

These metrics are threshold free: they evaluate the ranking quality of the model regardless of the
decision threshold 7. RQF is particularly informative in clinical settings where missing a relevant
code (false negative) is more costly than predicting a spurious one.

4.8.4 Accuracy at k£ and Mean Reciprocal Rank

The two metrics above, PQk and RQk, are defined for the multi-label classification setting of Task
2, where each document is associated with a set of correct codes. Task 1 is instead formulated as a
single-label retrieval problem: each query has exactly one correct ICD-10-CM code and the models
produce a ranked list of candidates. Two additional metrics are therefore used to evaluate this task.

Accuracy at k (AccQk) is a binary hit metric. It equals 1 if the correct code appears anywhere
in the top-k retrieved candidates, and 0 otherwise. Averaged over all queries:

N
1
AccQk = N Z 15]75k) [Cl] (433)
=1

where ¢; is the single correct code for the query 1, JA)i(k) is the set of top-k retrieved codes, and
1 4[] is the set membership indicator function. We note that in this single-label setting, AccQk is
equivalent to RQk defined in equation 4.32: the denominator is always 1 since each query has a
single correct answer. We choose to only report Acc@Fk rather than RQk to avoid confusion.

Mean Reciprocal Rank (MRR) captures not only whether the correct code is retrieved, but
also how highly it is ranked within the candidate list. For each query, the reciprocal rank is the
inverse of the position at which the correct code first appears. Over all queries:

1 1
M = — 4.34
RR N;ranki (4.34)

where rank; is the position of the correct code ¢; in the ranked list for query i. If ¢; does not appear
in the ranking, its contribution to the sum is 0. A model achieving MRR = 1.0 always places the
correct code first; MRR = 0.5 implies the correct code is on average ranked second.

MRR is particularly relevant in a clinical coding assistance setting. A human reviewer inspecting
the top suggestions benefits more from a model that ranks the correct code first than from one
that retrieves it somewhere in the top 10 but buries it below several incorrect candidates. MRR
directly captures this distinction, whereas Acc@Qk treats all positions within the top-k equally.
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Chapter 5

Methodology

This chapter describes the experimental pipeline developed to address the tasks defined in the
Problem Statement (Chapter 3): linking short clinical expressions to ICD-10-CM codes and pre-
dicting ICD-10-CM codes from full discharge notes.

The chapter is organised as follows: Section 5.1 describes the datasets used in this work. The
first source is the UMLS MRCONSO.RRF file, used as a knowledge base. A synthetic dataset was
also generated for the first task. For the second task, 2 benchmark setups from the literature are
presented, based on MIMIC-IV. Finally, a clinical dataset that we constructed from MIMIC-IV is
introduced, along with the preprocessing and splitting strategies we applied to it.

Section 5.2 describes the methodology developed for the first task, formulated as an information
retrieval problem. Two categories of approaches are compared: lexical string-matching baselines
and neural embedding based models built on top of biomedical BERT encoders.

Section 5.3 describes the methodology developed for the second task, formulated as a multi-label
classification problem. We follow a progressive experimental design, starting from a TF-IDF base-
line and incrementally introducing more expressive architectures. We explore chunk-based neural
models with various aggregation strategies, including mean pooling, Bi-GRU, and label-wise at-
tention. We investigate the effect of chunking strategy, encoder choice, and context window size.
Finally, we explore two approaches to exploit the natural hierarchy of ICD-10 codes. The first
one is a top-down masking procedure applied at inference time. The second option is a multi-task
architecture that jointly predicts all three granularity levels during training. Section 5.4 describes
the hardware environment used.

5.1 Datasets description

5.1.1 UMLS: MRCONSO.RRF

The Unified Medical Language System (UMLS) is “a set of files and software that brings to-
gether many biomedical and health vocabularies and standards to enable interoperability between
computer systems”[57, 21]. The MRCONSO.RFF file is widely used, as it represents the entire
metathesaurus concept structure. It provides the mapping between a Concept Unique Identifier
(CUI) and the specific names, synonyms, and abbreviations provided by over 200 different source
vocabularies.

5.1.2 Large patient records dataset: MIMIC-IV

MIMIC-IV (Medical Information Mart for Intensive Care IV) is a large de-identified clinical
database built from patient records at the Beth Israel Deaconess Medical Center in Boston. It
covers the period from 2008 to 2022 [58]. Access to the dataset requires completing a training
course and signing a data use agreement on PhysioNet.

The database is organised into two main modules. The hosp module contains hospital-level data,
including patient demographics, admissions, diagnoses, and procedures. The icu module contains
high-frequency intensive care data such as vital signs and monitoring events [58].

Clinical notes are available through a linked resource called MIMIC-IV-Note, which contains 331
793 de-identified discharge summaries from 145 914 patients [12]. These discharge notes are the
primary input used in this work. Diagnostic codes associated with these notes are provided in both
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ICD-9-CM and ICD-10-CM formats, in the diagnoses_icd.csv file. This makes the dataset di-
rectly suitable for multi-label ICD coding tasks. A summary of the key statistics of the MIMIC-IV
database is provided in Table 5.1.

Table 5.1: General statistics of the MIMIC-IV database (v3.1) [58, 12]

Property Value

Hospital Beth Israel Deaconess Medical Center, Boston
Coverage period 2008 — 2022

Total hospital admissions 546 028

Unique patients 223 452

MIMIC-1V-Note (discharge summaries)

Total discharge summaries 331 793

Patients with discharge summaries 145 914

Admissions linked to ICD-9 codes (with notes) 209 323
Admissions linked to ICD-10 codes (with notes) 122 288

Annotation

Coding systems ICD-9-CM and ICD-10-CM

Annotation source Professional medical coders

Access PhysioNet (training + data use agreement)

Advantages for ICD coding MIMIC-IV presents several properties that make it particularly
well suited for this work. First, its scale is a major asset: over 330 000 annotated discharge
summaries provide sufficient data to train large neural models. Second, the codes are assigned by
professional medical coders, which ensures a high level of annotation quality. Third, MIMIC-IV
has become the de facto benchmark in the ICD coding literature, making it possible to compare
results directly against a large number of published models.

Limitations for ICD coding Despite its strengths, MIMIC-IV has several limitations that are
important to acknowledge. First, all notes come from a single hospital in the United States. The
writing style, clinical workflows, and coding practices of the Beth Israel Deaconess Medical Center
may not generalise to other institutions, countries, or healthcare systems. A model trained on
MIMIC-IV may therefore struggle when deployed in a different clinical environment.

Second, discharge summaries in MIMIC-IV follow a relatively structured and consistent format,
with clearly delimited sections such as chief complaint, history of present illness, and discharge
diagnosis among others. This is not representative of all real-world clinical notes, which are often
more informal, fragmented, or inconsistently structured.

Third, the dataset uses ICD-9-CM codes for admissions before 2015 and ICD-10-CM codes for
more recent admissions. This version shift introduces heterogeneity in the coding system, which is
why this work is restricted to ICD-10-CM codes only.

Benchmark setups in the literature based on MIMIC-IV

While MIMIC-IV has emerged as the dominant dataset in the field, the absence of a standardised
benchmark setup means that comparisons remain difficult. Many studies use private datasets, and
even those using MIMIC-IV differ in how they filter codes, split documents, and define the label
space. Some studies evaluate only on the top 50 most frequent codes, others on the full code set.
These choices have a direct impact on reported metrics, making cross-study comparisons unreliable
without careful contextualisation.

To situate our experimental choices, we identify two reference setups from the literature that will
serve as comparison points in the results (Chapter 6).

Setup A The first reference setup [59] uses a random admission-level split. This means the same
patient can appear in both the training and test sets. The model may then memorise patient-
specific patterns rather than generalise. This makes Setup A a less rigorous evaluation setting.
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Setup B The second reference setup [5, 60] adopt a patient-level split, preventing leakage. How-
ever, their frequency threshold requires a code to appear in at least 10 admissions, which retains
only 7,942 codes. Furthermore, their splitting strategy does not guarantee that every code appears
in every split: around 0.5% of codes are absent from the validation set and 0.1% from the test set,
making it impossible to evaluate the model on those codes.

The limitations identified in these two setups motivated us to design our own setup, described in
the following section. To improve over existing configurations, we adopt a patient-level split to
prevent data leakage, lower the frequency threshold to at least 3 patients to retain more rare codes,
and enforce near-complete code coverage across all splits.

Data preparation for our setup

Data construction The dataset is constructed by joining two tables from MIMIC-IV. The first
consists of the discharge notes from MIMIC-IV-Note, which contain the full clinical text of each
hospital stay. The second is the diagnostic codes table, which contains the ICD codes assigned to
each admission. Only ICD-10-CM codes are retained, as ICD-9 codes follow a different structure
and would require a separate label space. The two tables are merged on the hospital admission
identifier (hadm_id), producing one record per admission with its associated discharge note and
list of ICD-10 codes.

Code filtering ICD-10 codes follow a highly uneven distribution: many codes appear only once
or twice in the entire dataset. A model cannot learn a reliable representation for a code that
appears in a single patient record. And such codes would be impossible to evaluate properly. To
address this, only codes that appear in at least three distinct patients are retained. This filtering
step ensures that every code in the final label space is carried by enough distinct patients to be
representable across all three splits : training, validation, and test.

Train, validation and test split The dataset is split at the patient level rather than the
admission level [16]. This choice is essential to prevent data leakage. If two admissions from
the same patient were placed in different splits, the model could implicitly learn patient-specific
patterns rather than generalisable coding rules.

The split follows a strategy designed to maximise the chances that every valid code appears in all
three sets. Codes are processed from the rarest to the most frequent.

For each code, if it is not yet represented in one of the three sets, a patient associated with
that code is assigned to the missing set. The remaining patients, whose codes are already well
represented, are distributed randomly with a 70/15/15 train/validation/test ratio. In practice,
this results in near-complete coverage: of the 9,685 valid codes, 9,683 appear in the training set,
9,678 in validation, and 9,670 in test. At most 15 codes (0.16%) are absent from any single split.

Text preprocessing Transformer-based models such as PubMedBERT handle raw text well and
do not require heavy linguistic preprocessing. The only transformation applied is the normalisation
of whitespace: multiple consecutive spaces, tabs, and newlines are collapsed into a single space.
No tokenisation, stopword removal, or vocabulary filtering is performed, as these operations could
remove clinically relevant information.

Label encoding Each discharge note is associated with a list of ICD-10 codes. These lists are
converted into binary vectors using a MultiLabelBinarizer fitted on the training set only. Each
position in the vector corresponds to one ICD-10 code in the label space. A value of 1 indicates
that the code was assigned to that admission, and 0 otherwise.

The binariser is saved and reused at inference time to decode model predictions back into ICD-10
codes.

Dataset statistics The final dataset contains 122,275 discharge summaries, split into 75,133
training notes, 23,608 validation notes, and 23,534 test notes. Following our filtering step, the
final training set includes 9,685 distinct ICD-10 codes. This represents a reduction from the 16,155
codes present in admissions with discharge notes. This filtering was intentional: we only kept codes
with a minimum frequency of three patients to ensure that each label has sufficient representation
across the train, validation, and test sets. A detailed summary of these statistics, along with the
key methodological choices that shaped this dataset, is provided in Table 5.2.

The code distribution is strongly imbalanced, as illustrated in Figure 5.1. The most frequent code
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(I10, Essential Hypertension) appears 27,307 times in the training set, while many codes appear
only a few times. This long-tail distribution is a central challenge of the ICD coding task.

Table 5.2: Dataset statistics after our preprocessing pipeline (ICD-10-CM diagnosis codes only).

Property Value

Filtering choices

Code type retained ICD-10-CM diagnosis only
Minimum frequency threshold > 3 distinct patients

Split strategy Patient-level

Label space
Unique ICD-10 codes in MIMIC-IV (diagnosis only) 19,440

Unique ICD-10 codes linked to discharge notes 16,155
Unique ICD-10 codes after frequency filtering 9,685
Dataset size

Total discharge summaries 122,275
Training set 75,133
Validation set 23,608
Test set 23,534
Note and label statistics

Average words per note 1,736
Average ICD-10 codes per note 14.09
Most frequent code (train) 110 — Essential hypertension (27,307)

ICD-10 Code Frequency Distribution (Train Set)
G— 0t frequent code: 27307 times

Number of Occurrences (Log Scale)

10°

0 2000 4000 6000 8000 10000
Code Rank (from most to least frequent)

Figure 5.1: Frequency distribution of ICD-10 codes in the training set (log scale).

5.1.3 Short clinical description generation

No suitable benchmark dataset was found for evaluating the task of matching short clinical de-
scriptions to ICD-10-CM codes. Therefore, wr decided to generate a synthetic dataset using a large
language model (LLM). The target dataset should satisfy three properties. First, it must cover
all ICD-10-CM chapters in a balanced manner, to allow for a chapter-level evaluation. Second,
it must contain a variety of description styles, including abbreviations, informal phrasings, and
slight misspellings, to be representative of the lexical variability encountered in real clinical notes.
Third, examples should span a range of retrieval difficulties, from straightforward paraphrases to
semantically more distant but valid reformulations, to provide a meaningful discriminative bench-
mark for comparing models.

We retrieved the ICD-10-CM codes and their associated descriptions from the d_icd_-diagnoses.csv
file, contained in the MIMIC-IV dataset presented just above. It represents 97,441 ICD pairs.
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The generation process relies on two small open-source LLMs rather than a single model, so as
to minimise model-specific bias and increase the lexical diversity of the generated ICD description
variations. First, we tried Llama 3.1 8B, a general-purpose open-weights language model developed
by Meta and released in July 2024[61]. Second, we chose Biomistral 7B, a domain-specific model
described by its authors as “a collection of open-source pretrained large language models for med-
ical domains”[62]. Built upon the Mistral architecture, it was further pre-trained on biomedical
literature from PubMed Central Open Access and also released in 2024. The use of a domain-
specific model alongside a general-purpose one also allows a post-hoc analysis of whether medical
pretraining improves the quality of generated clinical variations.

We performed the model inference with Ollama. This framework allowed us to easily download and
run open-source models locally, through a command-line interface and API. The same prompt was
applied for both models, with precise instructions to generate five stylistically distinct variations
per ICD code-description pair:

fll nn
You are a medical expert.

; ICD-10 Code: {codel}

14

16
17
18
19

20

Official Description: {description}

Generate 5 distinct variations of this diagnosis as they might appear in a doctor’s
clinical note.

. A formal medical term (synonym)

. A common abbreviation

. A short, informal description of the condition

. A version with a slight typo

. A concise phrase (fast/sloppy note format)

refer challenging variations that are lexically distinct from the official
description.

I
1
2
3
4
5
P

5 CRITICAL FORMATTING INSTRUCTION:

- Output strictly as a JSON LIST OF STRINGS.
- Do NOT include the ICD code in the output.

Example Output:

["Heart attack", "Acute MI", "Myocardial infarction", "AMI", "Severe chest pain (MI
)]

We conducted two iterations of the generation process. The first iteration operated on a limited

batch with the objectives of validating the pipeline and obtaining preliminary results. We then

performed a second iteration to expand the dataset and make the data more significant in terms

of size. For the later evaluation of the models, we will use the combination of examples from both

iteration, forming the complete combined dataset.

The dataset generation pipeline followed these steps, as summarised in Figure 5.2 flowchart:

1. Dictionary filtering The ICD dictionary from MIMIC-IV contains both ICD-10-CM and
ICD-9-CM codes. Since our work only concerns ICD-10-CM, the first step was to filter out of the
dictionary any code referring to ICD-9. Additionally for the second iteration, we identified and
excluded form the available pool the codes that were already sampled during the first iteration.
That way, we ensured both produced non-overlapping samples.

2. Stratified sampling: Each code was assigned to its corresponding ICD-10-CM chapter, the
highest level of the hierarchy (grouping codes by broad disease category) . Within each chapter, we
sampled min(5, |C;|) code—description pairs, where |C;| denotes the number of codes in chapter 4,
using a fixed random seed (random_state=42) to ensure reproducibility. For the second iteration,
we increased the number of sampled pairs to min(10, |C;|).

3. Generation of description variants: For each sampled code-description pair, the defined
prompt was submitted to each model with format=’json’ to enforce a structured output. The
returned list, ideally containing five variations of the description, was parsed recursively to account
for occasional formatting inconsistencies. Duplicate entries were removed.
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ICD-10-CM dictionary

1. Dictionary filtering
Retain ICD-10-CM only

Exclude previously sampled codes (iter. 2)

2. Stratified sampling by chapter
min(5, |C;|) code-description pairs/chapter (iter. 1)
min(10, |C;|) pairs/chapter (iter. 2)

Llama 3.1 8B BioMistral 7B
General-purpose LLM Biomedical LLM

3. Generation of descrip-
tion variants (x5 per pair)

JSON output, duplicates removed

4. Validation
Remove if ICD code appears in description

Remove if cosine similarity < 0.45 (all-MiniLM-L6-v2)

5. Difficulty classification (BM250kapi)
Top-5 rank — easy, else difficult

Final synthetic dataset (iter. 1 & 2)
2,567 examples - 320 codes - all ICD-10-CM chapters

Figure 5.2: Overview of the synthetic dataset generation pipeline

4. Synthetic dataset validation: Two filtering criteria were applied on generated variants to
ensure dataset quality. First, we discarded every example in which the ICD code appeared directly
within the generated description, as they do not represent typical examples for this task. Second,
a semantic similarity analysis was conducted. Both the official and generated descriptions were
encoded using the al1-MiniLM-L6-v2 sentence embedding model from the Sentence Transformers
library [63], based on the MiniLM architecture [64]. This lightweight model is transformer-based,
and has been extensively validated for sentence-pair tasks. We only retained pairs with a cosine
similarity strictly greater than 0.45. This threshold was chosen arbitrarily, with the objective in
mind to be permissive enough to accept abbreviations while still rejecting semantically different
or erroneous generations.

5. Difficulty classification of codes: The examples were categorised by difficulty to distin-
guish trivial variations (e.g. simple word reordering, or punctuation changes) from difficult ones
(e.g. use of abbreviations and synonymous terms). For this step, we employed the BM250kapi
model from the rank bm25 library [65]. It is a probabilistic ranking algorithm based on TF-IDF
scoring (which was explained in Section 4.1), and typically used for information retrieval. We ob-
tained a similarity ranking of the official descriptions for each artificial description. If the correct
ICD description appeared in the top-5 retrieved result, the example was labelled as easy; else it
was labelled as difficult.
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Iteration 1 Iteration 2 Combined

Codes sampled per chapter min(5, |Cy|)  min(10,|C;) —
Total codes sampled 110 211 320
Examples generated (raw) 1,252 2,384 —
After ICD-in-description filter 1,225 (-27) 2,336 (-48) —
After semantic similarity filter 910 (-315) 1,657 (-679) —
Final validated examples 910 1,657 2,567
Retention rate (vs. raw generation) 72.7% 69.5% 72.7%
Mean cosine similarity (final set) 0.742 0.749 0.747
Difficult examples (rank > 5) 63.6% 62.2% 62.7%

Table 5.3: Summary of the dataset generation pipeline across both iterations and the combined
total dataset.

Table 5.3 summarises for each iteration, the exact statistics and numbers associated with the
generation steps. The two iterations are broadly consistent: retention rates are similar, as are
mean cosine similarity scores and proportion of difficult examples. Around 7% of the rejections
were attributed to the model including the ICD code verbatim in the generated description, even
though the exclusion instruction was clearly stated in the prompt. This is a recurring failure mode
of instruction-following in smaller language models. The final combined dataset contains 2,567
examples, covering 320 unique codes across all chapters. It is made available for future uses in
Appendix E.

Figures 5.3a, 5.3c and 5.3b present the distribution of the combined dataset across ICD-10-CM
chapters. It also displays two quality indicators: the semantic similarity between generated and
official descriptions, computed using al1-MiniLM-L6-v2, and the proportion of difficult examples.

As shown in Figure 5.3a, the dataset is relatively balanced across most chapters, with the majority
contributing between 100 and 150 evaluation pairs for around 15 ICD codes. The notable exception
is Chapter XXII (Special Purposes), which contains only 37 examples. This is a direct consequence
of the limited number of codes in this chapter (five codes only in total), which constrained the
sampling in both iterations. This class imbalance should be kept in mind when interpreting per-
chapter evaluation results.

Dataset distribution per Chapter
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(a) Examples count per Chapter. The dataset is relatively balanced across chapters, even if some domains
have more generated examples than others. Chapter XXII has very few examples, because the chapter
itself contains only 5 codes.
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Figure 5.3: Per Chapter statistics of the generated complete dataset
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Percentage of "hard" cases (BM25 rank > 5) per Chapter
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(b) Semantic difficulty per Chapter. The proportion of difficult examples are broadly consistent. For the
majority of chapters, more than half examples are complicated ones.

Semantic quality per Chapter (cosine similarity with all-MiniLM-L6-v2)
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(c) Semantic score distribution per Chapter. No chapter has an abnormally low median semantic score,
almost all falling between 0.70-0.75. The exclusion of examples with semantic score lower than 0.4 was
correctly performed.

Figure 5.3: Per Chapter statistics of the generated complete dataset

Figure 5.3c displays the distribution of cosine similarity scores between generated and official de-
scriptions. Median similarity scores are consistently high across all chapters, generally falling in
the range [0.68, 0.78], which confirms that the generated variations are semantically grounded in
their corresponding official descriptions. Chapter XXII again exhibits the lowest median, reflecting
the smaller sample available for that chapter.

Finally, Figure 5.3b reports the proportion of examples classified as difficult within each chapter.
Difficulty is broadly consistent across all chapters, mostly ranging from 0.5 to 0.75, which suggests
that the generation pipeline often succeeded in producing challenging variations across medical
domains. Chapter XX (External Causes) and Chapter XIX (Injury, Poisoning, etc.) exhibit the
highest difficulty ratios, whereas Chapters XVII (Congenital) and X (Respiratory) appear some-
what easier under the BM25 metric. No strong correlation is observed between chapter size and
difficulty level.

Visually, there appears to be no strong correlation either between the percentage of hard exam-
ples and the median semantic similarity between official and generated descriptions in a chapter.
To further examine this relationship, we conducted a correlation analysis at two levels of gran-
ularity. At the chapter level, we used the Spearman rank correlation, which operates on ranked
values. It indicates whether an increase in one variable consistently correlates with an increase
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or decrease in the other, regardless of whether that relationship is linear. The test yielded a co-
efficient p = —0.154 (p = 0.493), indicating no statistically significant association. This suggests
that chapters with higher difficulty ratios do not systematically produce lower-quality generations,
and that the BM25-based difficulty classification is not simply a proxy for poor semantic alignment.

However, the statistical test at individual-example level tells a different story. We performed a
Point-Biserial correlation between the binary difficulty label and the cosine similarity score, which is
the typical choice when one variable is dichotomous. It yielded 7,, = —0.559 (p < 0.001), revealing
a moderate and highly significant negative relationship. Difficult examples tend to exhibit lower
semantic similarity to their official descriptions than easy ones, which can be expected. Those
examples that are harder to retrieve are precisely those whose generated descriptions are more
lexically and semantically distant from the official formulation, making them more representative
of the challenging cases encountered in real clinical settings.

The observed divergence between the two granularity levels is actually not so surprising, and re-
flects an aggregation effect: the within-chapter variance is smoothed out by considering only the
chapter median.

A comparison of the two generative models reveals that BioMistral produces marginally higher
semantic similarity scores than Llama 3 among easy examples (median around 0.91 vs. 0.87),
while the two models perform near-identically on difficult examples (median around 0.69 for both).
Given this negligible difference in the harder and more informative subset of the data, both models
were retained in the final dataset to maximise coverage and diversity of generated variations.

5.2 Group of words to ICD codes methodology

This first task is formulated as an information retrieval problem. Given a short clinical expression
q such as a diagnostic sentence, an abbreviation, or a clinical note fragment, the goal is to retrieve
the correct ICD-10-CM code ¢* from a fixed candidate set C containing all codes present in the
ICD-10-CM dictionary extracted from MIMIC-IV. This dictionary comprises 97,441 codes, and
was also used for our synthetic dataset generation (Section 5.1.3). Each model produces a ranked
list of candidates from C, and evaluation measures whether ¢* appears within the top k positions
of that ranking.

We compared seven models spanning two methodological families: lexical string-matching baselines
— Levenshtein distance, Dice-Sgrensen coefficient, T-LLCS, and W-LCS — and neural embedding-
based approaches — PubMedBERT, SapBERT, and ClinicalModernBERT. This selection is mo-
tivated by the need to cover a spectrum ranging from simple, interpretable methods to state-of-
the-art biomedical encoders.

5.2.1 Lexical baselines

Four character-level string similarity measures are included as lower-bound baselines. All operate
directly on the text, requiring no training and no external resources outside of the ICD-10-CM
dictionary. They provide a reference point for assessing the added value of neural networks ap-
proaches. The only preprocessing applied to all models is lowercasing. This is a more defensive
choice, as we wanted to preserve clinically meaningful abbreviations and acronyms that stopword
removal or stemmimg would have distorted.

Levenshtein distance As introduced in the State of the art (Section 2.1.2), the Levenshtein
distance measures the minimum number of single-character edits (insertions, deletions, and sub-
stitutions) required to transform one string into another. It is the most straightforward lexical
baseline. The distance is normalised by the length of the longest string, in order to obtain a
similarity score between 0 and 1. At inference time, the query is compared against all official
descriptions in C and candidates are ranked by decreasing similarity (increasing Levenshtein dis-
tance).

Dice-Sgrensen coefficient The Dice-Sgrensen coefficient measures the overlap between two sets
of character bigrams. For two strings s; and ss, the sets of character bigrams are defined as:

B(s)={sli:i+2]|i€{0,...,|s| —2}} (5.1)
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and the coefficient is computed as

2 [B(s1) N B(s2)]
[B(s1)| + [B(s2)|

Dice(s1, s2) =

(5.2)

Compared to Levenshtein distance, the Dice-Sgrensen coefficient is more robust to local morpholog-
ical variation and word-order differences, as it operates on an unordered set of overlapping character
patterns rather than a global sequence. The obtained score is greater when the two strings are
similar, contrarily to the Levenshtein score where it would be smaller. Candidate ranking follow
the same procedure as for Levenshtein distance.

Longest Common Subsequence Two additional lexical baselines are included based on the
Longest Common Subsequence (LCS), as introduced in Section 2.1.2. The Twofold LCS (T-LCS)
improves the basic LCS with a more balanced weighting of longest common subsequence length
(LCSL): dividing it by the average sequence length instead of the longest string length. The
similarity coefficient is defined as:

2. LCSL(Sl7 52)

T-LCS(817S2) - |81| + |82\

(5.3)
The Weighted LCS (W-LCS) was designed to increase the proportion of LCSL in the computation
and to improve the score in the case where one string is mostly contained by the other. It is
computed with:

(LCSL(s1,82) + 1) - LCSL(s1, s2)

W-LCS(s1, s2) = 52 LOSL(s 5] + Joa]

where |s1] < |s2] (5.4)

Practically, we find the longest common subsequence length by constructing a matrix where every
character of the first sequence is compared against every character of the second sequence. An
entry m;; stores the length of the longest subsequence found up to the ¢ — th character of s; and
the j — th character of sy. LCSL is entry m,, ||s,|-

Both T-LCS and W-LCS computations produce a similarity score between 0 and 1, which reflects
how close the compared strings are. Candidate ranking still follow the same procedure.

5.2.2 Neural embedding-based models

We evaluated four neural models based on BERT pre-trained encoder. All four follow the same
inference procedure: the full ICD-10-CM dictionary is encoded once at build time to produce a
static index of description embeddings, stored using FAISS [66]. Specifically, a IndexFlatIP index
is used after L2-normalisation of all embeddings, which is equivalent to performing exact cosine
similarity search. ach query is encoded and compared against the index to retrieve the top-k most
similar candidates. For all models, the [CLS] token representation of the final hidden layer is used
as the sentence embedding.

SapBERT SapBERT represents the very established state of the art, that was most used in the
literature for biomedical concept representation/linking. This model was presented previously in
the State of the art Chapter, in the Section 2.1.5. The pretrained checkpoint
cambridgeltl/SapBERT-from-PubMedBERT-fulltext was loaded from HuggingFace. Descriptions
are tokenised with padding to a maximum length of 25 tokens, following the encoding strategy
recommended for this model. For the index dictionary building, we encode all official ICD-10-CM
descriptions in batches of 128.

SapBERT reimplementation We reimplemented SapBERT from scratch, starting from the
PubMedBERT base model and reproducing the self-alignment pre-training procedure described in
the original paper [27]. This reimplementation serves three purposes: verifying the reproducibility
of the original approach in the context of ICD linking, gaining a first practical knowledge of the
models, and providing a controlled base for potential domain-specific future adaptations.

First, we extracted the knowledge about positive associations, using the MRCONSO.RFF file from
UMLS. All terms were grouped by their associated CUI, and for each concept we generated all
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pairwise synonym combinations: the positive pairs. To prevent common concepts with many syn-
onyms from overwhelming the training, we limited the number of positive pairs per concept to 50.

The base model ismicrosoft/BiomedNLP-PubMedBERT-base-uncased-abstract-fulltext, loaded
from HuggingFace. Training was performed using a Multi-similarity miner (epsilon=0.1) to iden-
tify “hard” pairs in each batch (that is, the pairs that are currently not well placed in the embed-
ding space), and a Multi-similarity loss (alpha=2, beta=50, base=0.5) to simultaneously pull
synonyms closer together and push unrelated terms apart. The model was optimised with AdamW
(1r=2e-5, weight_decay=0.01), with a batch size of 64 and input sequences truncated to a max-
imum of 40 tokens. Each training step feeded two strings into the PubMedBERT encoder, which
generated a vector for each, then the loss function compared the two vectors with regards to their
CUI index. The model finally updated its weight to fix the alignment.

At inference time, it follows the identical procedure to the original SapBERT checkpoint described
above.

PubMedBERT Plain PubMedBERT is included as the primary neural baseline. It uses the
same pretrained checkpoint as the SapBERT reimplementation

(microsoft/BiomedNLP-PubMedBERT-base-uncased-abstract-fulltext), but without any fur-
ther alignment pre-training. Its role is to highlight the contribution of the backbone architecture
from that of the self-alignment objective: any performance gap between PubMedBERT and Sap-
BERT can be attributed specifically to the synonym-aware training procedure rather than to the
underlying language model. The inference procedure is identical to the other neural models, us-

ing the [CLS] representation and a FAISS index, constructed using the exact same parameters as
SapBERT models.

Clinical ModernBERT Clinical ModernBERT, which was previously introduced in Section
4.6.2, is included to assess whether the architectural improvements introduced in the ModernBERT
family translate into gains on this specific retrieval task. The model was pre-trained on a large cor-
pus of clinical text and it benefits from a longer context window and updated attention mechanisms
relative to earlier BERT variants. The pretrained checkpoint Simonlee711/Clinical ModernBERT
was loaded from HuggingFace. Descriptions are tokenised with dynamic padding and a maximum
length of 64 tokens. The dictionary index is built using the same batched GPU encoding procedure
as the other neural models.

5.2.3 Evaluation protocol

All models are evaluated on the combined generated dataset of 2,567 examples presented in Section
5.1.3. Since neither lexical models or pretrained neural models require training, no train/test
split was applied; the entire dataset serves as evaluation set. The only training exception is
the reimplemented SapBERT, but it used UMLS synonym pairs as training set and is therefore
independant from the generated evaluation set. Each model is evaluated globally, and results are
also broken down by example difficulty (easy vs. hard, as defined in section 5.1.3). We performed
retrieval for k € {1,5,10}.

5.3 Full discharge note to ICD codes methodology

This section describes the sequence of models developed for the full discharge note to ICD-10 codes
classification task. Rather than simply searching for the best architecture, our goal is to under-
stand what each design choice actually contributes, at every level of the ICD-10 hierarchy. For this
reason, every architecture is systematically evaluated at three levels of granularity: chapter level
prediction, 3 character code prediction, and full ICD-10 code prediction. All models are trained
and evaluated on the MIMIC-IV dataset described in Section 5.1.2

We follow a progressive approach, where each step builds on the previous one and attempts to push
the model further, see Figure 5.4. We start with a simple TF-IDF baseline to establish a reference
point. If a more complex model fails to outperform it, this signals an issue in data preparation,
metrics, or tuning.

We then move to chunk-based neural architectures using PubMedBERT, where each discharge
note is split into overlapping chunks that are independently encoded and then aggregated. We
begin with a simple aggregation strategy, mean pooling to verify that the use of PubMedBert
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yields a clear gain over the baseline. For all chunk-based models, a separate model is trained per
granularity level: one for chapters, one for 3-character codes, and one for full codes, each with its
own classification head and label binariser.

Building on this, we investigate more expressive aggregation mechanisms, replacing simple pooling
with attention based aggregation over chunk representations. We also explore a Bi-GRU as an
alternative aggregator, which processes the sequence of chunk representations in both directions to
capture ordering dependencies across chunks. We also compare two chunking strategies to measure
their respective impact. To further push the model, we test a full document attention approach,
which attends over all token representations simultaneously without chunking, allowing the model
to capture long range dependencies across the entire note. We additionally replace PubMed BERT
with Clinical ModernBERT, a more recent clinically pretrained encoder, to assess whether a closer
domain pretraining brings meaningful gains, see Figure 5.5.

Finally, we move to a multitask architecture where all three granularity levels are trained jointly.
The discharge note passes through the encoder only once, and three separate classification heads
predict chapters, 3-character codes, and full codes simultaneously, with the hypothesis that higher
level predictions can guide and regularise lower level ones. This design also reduces computational

Equal weights Captures order No chunking needed

chunk vectors (K x 512) :
(full text as input)

Predicted ICD-10 codes

Evaluated at three granularity levels: chapter - 3-character code - full code

cost.
Discharge note
Full clinical text, typically exceeding 512 tokens
| [Step 1 — Document chunking] |
! I l
| V p |
| Sliding window Semantic chunking :
: Fixed-size overlap ( vs W LangChain recursive :
| stride: 128-384 tok. splitter w
| max 512 tok./chunk (§ — sentences — words) :
3 [Step 2 — Chunk encoding] :
: PubMedBERT !
| Pre-trained on biomedical literature 1
! Each chunk encoded independently — [CLS| vector |
: [Step 3 — Chunk aggregation] :
1 I 1
: A\ L v L Y - Y. N Baseline
| | Mean pooling Bi-GRU Label-wise att. Label-wise att. ' | TF-IDF + One-Vs-Rest
! 1 . (CLS-level) (token-level) ‘ ) o
| Average of all Bidirectional 1 ICD cod | 9683 binary logistic
1 CLS vectors sequential read 1 query/ICD code query/ code | | regressors
! over [CLs] over all tokens |

Figure 5.4: Overview of the ICD-10 coding pipeline. Step 1 chunks the discharge note using either
a sliding window or semantic chunking. Step 2 encodes each chunk with PubMedBERT. Step 3
aggregates chunk representations before predicting ICD-10 codes at three granularity levels.
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Hyperparameter optimisation

All models were tuned using Optuna, an open source hyperparameter optimisation framework
that follows a define by run paradigm [67]. The search space is defined dynamically within the
objective function using standard Python control flow. This makes it easy to handle conditional
and heterogeneous parameter spaces. This is particularly useful, since the optimal configuration
varies across architectures and granularity levels.

Sampling is handled by the Tree structured Parzen Estimator (TPE), which builds a probabilistic
model of the objective function to prioritise promising regions of the search space. To reduce
computational cost, Optuna’s asynchronous Successive Halving (ASHA) pruner terminates un-
promising trials early based on intermediate validation performance. It is a critical feature given
the high training cost of transformer-based models. The specific parameters explored and the
number of trials are detailed for each architecture below.

However, due to computational constraints, the number of trials remained limited for several
models, making it difficult to reliably explore the full combined space of learning rate, chunk size,
and other hyperparameters. In these cases, Optuna failed to converge to a stable configuration,
and hyperparameters were instead set to values reported in the literature for similar architectures.
For each model, the hyperparameters explored during tuning are described in the corresponding
section. The exact parameters used in the final models can be found in Appendix B

5.3.1 Baseline : TF-IDF

We implemented a traditional machine learning pipeline to serve as a performance baseline, see
Figure 5.4. This approach transforms medical text into numerical features using TF-IDF. We then
process these features through a multi-label classification strategy, see Section 4.1.

The TF-IDF method evaluates the importance of each word. Term Frequency (TF) measures how
often a word appears in a specific report. Inverse Document Frequency (IDF) reduces the weight
of common words across the entire dataset. This highlights rare and specific clinical terms. To
reduce noise, we filter out terms appearing in fewer than three documents or in more than 95 %
of reports. We also apply sublinear TF scaling, replacing raw term frequency tf with 1 + log(¢f),
which diminishes the disproportionate influence of highly repetitive words in long clinical notes.

Hyperparameter optimisation To ensure a fair comparison with deep learning models, we
perform hyperparameter tuning using Optuna over 15 trials per granularity level, maximizing
Micro-F1. Three key parameters are explored. First, the n-gram range, tested across (1,1), (1,2),
and (1,3), controls whether the vocabulary consists of single words only or also includes two and
three word phrases. This is critical for capturing complex medical expressions such as ”chronic
kidney disease” rather than isolated tokens. Second, the maximum vocabulary size is tuned between
20,000 and 80,000 features. This balance the model’s ability to recognise rare medical terms against
the risk of producing overly sparse and memory intensive feature matrices. Third, the inverse
regularisation strength C is searched on a logarithmic scale between 0.1 and 10.0. This value
decides the trade off between fitting the training data and generalising to unseen notes.

Multi-label classification The classification task is challenging because ICD-10 coding is multi-
label. Each patient report can be associated with several different codes simultaneously. To handle
this, we utilise a One-Vs-Rest (OvR) architecture. This strategy decomposes the problem into
thousands of independent binary tasks. For our dataset, the system trains 9,685 separate Logistic
Regression models. Each individual model specialises in one specific ICD-10 code. It learns to
predict a simple “Yes” or “No” for its assigned category. By aggregating the results of all mod-
els, the system can predict multiple codes for a single patient. This classic approach provides a
transparent and robust benchmark for evaluating our more advanced neural network architectures.

5.3.2 PubMedBert + mean pooling

To evaluate the benefits of a neural architecture over the TF-IDF baseline, we fine tuned Pub-
MedBERT. This model is specifically pre-trained on biomedical literature to better handle clinical
terminology 4.6.1.
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Handling long documents via chunking Standard BERT architectures are limited to a maxi-
mum of 512 tokens per input. However, medical reports in our dataset often exceed this length. To
ensure the model has access to the same global document information as the TF-IDF baseline, we
adopt a sliding window chunking strategy. Each note is split into overlapping chunks of 512 tokens.
For each chunk, the encoder produces a [CLS] vector serving as a compact semantic summary of
that segment.

Mean pooling aggregation To obtain a single representation for the entire medical report, we
apply mean pooling across all chunk [CLS] vectors 4.7.1. This averaged vector is then passed to
a linear classification head to predict ICD-10 codes. This aggregation is intentionally simple and
treats all chunks with equal importance. It serves as a transparent intermediate step between the
TF-IDF baseline and more expressive aggregation mechanisms explored later. We refer to this
model as modelB_mean throughout the rest of this thesis.

Hyperparameter optimisation Training is conducted using AdamW, with the learning rate
searched on a logarithmic scale between 1 x 107° and 5 x 107°. The stride between consecutive
chunks is tuned over {128, 256, 384} tokens, and the maximum number of chunks per document
over {4, 8, 12, 16}, allowing the model to process up to approximately 8,000 tokens. Batch size is
tuned over {4, 6, 8}, constrained by GPU memory. We run 30 Optuna trials for the granularity level
chapter and 5 trials for 3-character and full because 30 trials took too much time. We maximised
Micro-F1 for chapter and 3-character code tasks, and Recall@10 for full code prediction.

5.3.3 Chunk aggregation: from mean pooling to Bi-GRU and label At-
tention

A key design decision in chunk based models is how to combine the representations of individual
chunks into a single document level vector. The simplest approach is mean pooling, as used above.
However, this approach has a fundamental limitation for discharge note coding. A discharge note
is not a homogeneous document. It contains diverse clinical information spread across sections
with very different roles. Averaging all chunk representations collapses this structure into a single
undifferentiated vector, diluting the information rather than preserving it. This is particularly
problematic for ICD coding, where each note is associated with an average of 14 codes, each po-
tentially grounded in a different section of the document. Prior work has shown that mean pooling
is not sufficient to capture the complexity of long clinical documents [68].

Bi-GRU aggregation

To address this, we explored the use of a Bidirectional GRU (Bi-GRU) as an aggregation mechanism
4.2. Instead of averaging the chunk representations, the Bi-GRU processes them as a sequence,
reading the chunks from left to right and from right to left simultaneously. This allows the model
to capture the narrative structure of discharge notes, where the position of information matters. A
reason for admission mentioned in an early chunk carries different clinical weight than a complica-
tion reported at the end. Dependencies between distant segments can thus be explicitly modeled,
rather than lost through averaging.

This design choice is supported by empirical evidence: comparing mean pooling and Bi-GRU ag-
gregation on top of a BERT-based medical model shows that preserving the sequential order of
chunks and learning to weight transitions differently brings a meaningful gain over treating all
segments as equally informative [69)].

The architecture follows the same two stage design as the mean pooling model. In the first stage,
the discharge note is split into overlapping chunks of 512 tokens, with stride and maximum num-
ber of chunks tuned as hyperparameters. PubMedBERT encodes each chunk independently and
produces a [CLS] vector.

In the second stage, this sequence of CLS vectors is passed through a Bi-GRU. The forward pass
reads chunks from beginning to end, while the backward pass reads them in reverse. The final
hidden states from both directions are concatenated, producing a document level representation
that encodes both the temporal progression and the global context of the note 4.2. This vector
is then passed to a linear classification head to predict ICD-10 codes. We refer to this model as
model_gru throughout the rest of this thesis.
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Hyperparameter optimisation We run 15 Optuna trials for chapter and 3-character using
Bayesian search (TPE), with a single epoch per trial given the fast convergence of recurrent mod-
els. It would take too much time for the full task. The learning rate is searched on a logarithmic
scale between 1 x 107 %and 5 x 107°. The GRU hidden size is tuned over {128, 256, 512} , con-
trolling the capacity of the sequential memory. Stride is searched over {128, 256, 384} tokens and
maximum chunks over {4, 8, 12}. Batch size is restricted to {4, 6} due to the additional memory
overhead of the recurrent layer. To prevent gradient explosion, we apply gradient clipping with a
maximum norm of 1.0.

Due to its sequential nature, the Bi-GRU cannot parallelise computation across chunks and is
therefore slower to train than mean pooling. For this reason, this architecture is evaluated only on
the chapter and 3-character code tasks, and not on full ICD-10 code prediction.

Label-wise chunk Attention aggregation

Both mean pooling and Bi-GRU aggregation produce a single shared document representation
used to predict all ICD codes simultaneously. Yet in a multi label setting, different diagnoses are
typically supported by different parts of a discharge note, which a single shared vector cannot
capture. Compressing the entire note into a single vector forces the model to mix signals that
should remain separate.

To address this, we adopt a label-wise attention mechanism as the aggregation step, directly
inspired by CAML [16] and its adaptations in PLM-ICD [4] (see Section 2.2.3 and Section 2.2.4).
As described in the technical background 4.7.3, each ICD code is assigned its own query vector
that attends independently over the chunk representations, producing a label-specific document
vector used for classification. This means the model can focus on chunks describing pulmonary
symptoms when predicting a respiratory code, and on entirely different chunks when predicting
a metabolic or surgical code. This is a property that neither mean pooling nor the Bi-GRU can
provide.

The overall architecture follows the same two stage design as the previous models. The discharge
note is split into overlapping chunks of 512 tokens, each independently encoded by PubMedBERT,
and the [CLS] vector of each chunk is extracted. The label-wise attention module then operates
over this sequence of chunk representations. We refer to this model as modelC_cls attention
throughout the rest of this thesis.

Hyperparameter optimisation We run 15 Optuna trials per granularity level using Bayesian
search (TPE), with 4 epochs per trial. The learning rate is searched on a logarithmic scale between
1 x 1075 and 3 x 10~°. Stride is tuned over {256, 384} tokens, maximum number of chunks over
{8, 12, 16}, and batch size over {4, 6}. For chapter and 3-character code tasks the objective is
Micro-F1. For the full code task it is Recall@10.

Word-level Attention aggregation

All chunk-based models described so far rely on the [CLS] token as a summary of each chunk. While
convenient, this design discards all token-level information within each chunk. The [CLS] vector
is a single compressed representation of up to 512 tokens, and precise evidence such as a specific
clinical term or a negation may be lost in that compression. To investigate whether attending
directly over individual word representations brings a meaningful gain, we implement a word level
variant of the label-wise attention mechanism. Instead of extracting only the [CLS] vector from
each chunk, we retain the full sequence of token representations produced by PubMedBERT.
The K chunks are encoded independently and their token representations are concatenated into a
single flat sequence of K x 512 vectors, over which the label-wise attention operates directly. The
attention mechanism follows the same label-wise formulation described in Section 4.7.3, where hy
now denotes an individual token representation rather than a chunk level [CLS] vector. Each label
can therefore attend to any individual token across the entire document, rather than being limited
to chunk-level summaries. The classification head remains identical to the chunk-level attention
model.

This design comes at a significantly higher memory cost, as the attention matrix now operates over
thousands of tokens rather than a handful of chunk vectors. For this reason, batch size is restricted
to {4,8}. We refer to this model as modelC_cls allword throughout the rest of this thesis.
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Hyperparameter optimisation We run 25 Optuna trials for the chapter task and 10 for 3-
character and full using Bayesian search (TPE), with 2 epochs per trial. The learning rate is
searched on a logarithmic scale between 1 x 1075 and 5 x 1075. Stride is tuned over {128,256, 384}
tokens and maximum number of chunks over {4, 8,12,16}. For chapter and 3-character code tasks
the objective is Micro-F1; for the full code task it is Recall@10.

5.3.4 Semantic chunking with LangChain

All chunking strategies described so far rely on a token-level sliding window. The discharge note
is split into fixed size overlapping segments regardless of its linguistic structure. While simple and
reproducible, this approach can cut a sentence midway, separate a diagnosis from its negation,
or break a clinical expression across two chunks. Each chunk is therefore not guaranteed to be a
semantically coherent unit, which may degrade the quality of the [CLS] representation extracted
by PubMedBERT.

To investigate whether more linguistically informed chunking brings a meaningful gain, we test an
alternative splitting strategy using LangChain’s RecursiveCharacterTextSplitter. Rather than
cutting at fixed token boundaries, this splitter attempts to split first on paragraph breaks, then on
sentence boundaries, and finally on word boundaries, only falling back to character-level splitting
if necessary. This ensures that each chunk respects the natural structure of the clinical note as
much as possible. The chunk size is still controlled by the tokeniser to guarantee that no chunk
exceeds 512 tokens, making it directly comparable to the token-level sliding window approach.
The attention architecture and classification head are kept strictly identical to the chunk level
attention model described above, so that any performance difference can be attributed solely to
the chunking strategy. We refer to this model as modelC_cls_langchain throughout the rest of
this thesis.

Hyperparameter optimisation We run 10 Optuna trials per granularity level using Bayesian
search (TPE), with 3 epochs per trial. The learning rate is searched on a logarithmic scale be-
tween 1 x 1075 and 3 x 107°. The chunk overlap is tuned over {128, 256, 384} tokens, and the
maximum number of chunks over {10, 12, 14, 16}. Batch size is tuned over {4, 6}. For chapter
and 3-character code tasks, the objective is Micro-F1; for the full code task, it is Recall@10.

5.3.5 Clinical ModernBERT

All neural models described so far use PubMedBERT as the encoder. While PubMedBERT is well
suited to biomedical text, it was pretrained on published abstracts and full-text articles rather
than on clinical notes. To investigate whether a closer domain match brings meaningful gains, we
replace PubMedBERT with Clinical ModernBERT (see Section 4.6.2) and evaluate it under two
distinct settings, see Figure 5.5.

Setting 1: 512-token chunks with label-wise attention

In the first setting, the architecture is kept strictly identical to the chunk-level attention model
described above. The same token-level sliding window chunking, the same [CLS] extraction, and
the same label-wise attention aggregation with PubMedBERT simply replaced by Clinical Mod-
ernBERT. This allows a direct, controlled comparison between the two encoders. Any performance
difference can be attributed solely to the choice of pretrained model rather than to any architectural
change. We refer to this model as modelC ModernBert throughout the rest of this thesis.

Setting 2: Long-context chunks

The second setting exploits a key architectural advantage of ClinicalModernBERT over PubMed-
BERT: its extended context window of up to 8192 tokens (see Section 4.6.2). Rather than splitting
the discharge note into 512-token chunks, we allow much larger chunks. This explores whether
processing fewer but longer segments is beneficial for ICD-10 coding. In this setting, the chunk
size itself becomes a hyperparameter, and the model is therefore exposed to much richer intra-
chunk context than any of the previous models. The attention architecture and classification head
remain identical.
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Figure 5.5: Overview of Clinical ModernBert as an encoder

Hyperparameter optimisation — Setting 1

We run 5 Optuna trials per granularity level using Bayesian search (TPE), with 2 epochs per trial.
The learning rate is searched on a logarithmic scale between 1 x 107° and 5 x 107°. Stride is
tuned over {128, 256, 384} tokens, maximum number of chunks over {4, 8, 12, 16}, and batch size
over {2, 4, 6}, the latter being more constrained than PubMedBERT due to the higher memory
footprint of ClinicalModernBERT.

Hyperparameter optimisation — Setting 2

We run 10 Optuna trials per granularity level with 1 epoch per trial. The learning rate is searched
on a logarithmic scale between 1 x 107° and 5 x 107°. The chunk size is tuned over {512, 1024,
2048} tokens, the stride over {256, 512, 1024} tokens, the maximum number of chunks over {2, 4, 6,
8}, and batch size over {1, 2, 4}. Trials where the stride exceeds the chunk size are automatically
pruned. For both settings and all granularity levels, the objective is Micro-F1 for chapter and
3-character code tasks, and Recall@10 for full code prediction.

5.3.6 Leveraging the ICD-10 hierarchy

All models described so far treat the three granularity levels independently. Yet the ICD-10
hierarchy provides a natural structure that can be exploited: a full code such as I21.0 necessarily
belongs to the 3-character category I21, which itself belongs to Chapter IX. Ignoring this structure
means the model can predict a full code without predicting the corresponding chapter. This can
produce incoherent outputs. We explore two strategies to incorporate this hierarchy: one is applied
at inference time and one integrated directly into training.

Top-down hierarchical masking

The first approach reuses the three independently trained models, one per granularity level, and
applies a top-down masking procedure at inference time. Given the predicted chapter probabilities,
only the 3-character codes that belong to the predicted chapters are kept as candidates. Similarly,
only the full codes that belong to the predicted 3-character categories are retained. This constrains
the prediction space at each level using the decisions made at the level above. Coarser levels
benefit from fewer and more frequent labels, making them easier to learn reliably. Propagating
their predictions downward helps constrain the prediction space at finer levels, where the long-tail
distribution of codes makes direct prediction harder. This strategy directly addresses the label
imbalance problem: leveraging hierarchical structure has been shown to be particularly effective
for rare codes [39)].

To avoid errors at the top level propagating down and eliminating correct candidates, we introduce
fallback mechanisms: if no chapter exceeds a confidence threshold 7chap, the top-k chapters by score
are retained instead. The same fallback applies at the 3-character level. All thresholds and fallback
parameters are optimised on the validation set using Optuna over 50 trials, maximising Micro-F1.
We refer to this model as modelD masking throughout the rest of this thesis.
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Hierarchical multi-task learning with context sharing

The second approach integrates the hierarchy directly into training through a multi-task architec-
ture. Rather than training three separate models and combining them post hoc, a single shared
PubMedBERT encoder processes the discharge note once. We use three label-wise attention heads
to predict chapters, 3-character codes, and full codes simultaneously. Multi-task learning with a
joint weighted loss has been shown to be effective for ICD coding [70, 71], as it allows the model to
benefit from the correlations between related tasks rather than optimising each level in isolation.
Beyond simply summing three weighted losses, we introduce a hierarchical conditioning mechanism
between the attention heads. The intuition is that chapter-level predictions, being easier to learn
due to a smaller and more balanced label space, can provide useful context to guide the harder
task of predicting fine grained codes. The chapter head produces its label specific document
representation fcnap, defined as the mean of the label weighted chunk vectors. This representation
is then passed through a bridge module. The bridge is a single linear layer followed by layer
normalisation. This layer transforms the chapter-level context vector into the same dimension as
the chunk representations so that it can be added to each of them before the 3-character attention
head operates:

heats = h + Bridgel(fchap) (55)

The same conditioning is applied between the 3-character and full-code heads:
hfull - hcatS + Bridgez (fcatS) (56)

Each bridge consists of a linear projection followed by layer normalisation. This residual design
ensures that, if the higher-level signal is not informative, the model can learn to ignore it and
instead fall back to the original chunk representations. The joint loss is a weighted sum of the
three binary cross-entropy losses:

L= Wchap * Echap + Weats - »Ccat?) + ‘Cfull (57)

where Wehap and wears are tuned as hyperparameters, and the full-code loss is always weighted at
1.0 as it is the primary objective. To further address class imbalance, each loss uses a positive
class weight, also tuned by Optuna. We refer to this model as modelD_hierarchy throughout the
rest of this thesis.

Training follows a two-stage procedure inspired by prior work showing that selectively unfreezing
the upper transformer layers while keeping lower layers frozen stabilises fine-tuning on multi-label
classification tasks [72]. In the first stage, the PubMedBERT encoder is fully frozen, and only
the attention heads and bridge modules are trained, allowing the classification layers to converge
before any encoder weights are updated. The resulting checkpoint is then used to initialise the
second stage, where the top n transformer layers are unfrozen and the full model is fine-tuned
jointly with a lower learning rate for the encoder (1 x 1076 to 2 x 107°) and a higher learning
rate for the classification heads (5 x 107° to 5 x 10™%). This layer wise discriminative strategy
balances training stability and adaptation. A low learning rate preserves the encoder’s pre-trained
knowledge. The higher learning rate ensures rapid convergence of the task specific heads [73].This
staged approach stabilises training given the relatively large number of parameters being optimised
simultaneously.

Hyperparameter optimisation We run 40 Optuna trials using multivariate TPE with 10
startup trials, maximizing Recall@20 on the validation set over 5 epochs per trial, with early stop-
ping with patience 4 during final training over 15 epochs. The searched parameters include the
learning rate for the BERT encoder (1 x 1075 to 2x 107%) and for the classification heads (5 x 10~°
to 5 x 107%), the number of unfrozen BERT layers (2 to 6), dropout (0.0 to 0.4), batch size ({4,
8}), positive class weights for each level, and the loss weights wehap and Weags-
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Figure 5.6: Forward pass of modelD hierarchy. A single PubMedBERT encoder is shared across
all three granularity levels. Each attention head predicts ICD-10 codes at increasing specificity
(chapters — 3-char — full codes). Then, it passes its context vector (fehap, feats) residually to the
next head. This allows to mitigate the long tail distribution of rare codes.

5.4 Hardware and environment

All experiments were conducted on the Lyra cluster, part of the CECI infrastructure (Consortium
des Equipements de Calcul Intensif). A practical guide to reproduce these experiments is provided
in Appendix A. CECI provides Belgian university researchers with access to high-performance
computing (HPC) resources.

A single account grants SSH access to all CECI clusters [74]. Lyra is hosted at ULB. It is designed
specifically for Machine Learning, AI, and High-Throughput Computing workloads.

The cluster consists of 40 virtual compute nodes. Each node provides one NVIDIA RTX 6000
ADA GPU (48 GB GDDRG6, 18,176 CUDA cores), 32 CPU cores (AMD EPYC Genoa), and 128
GB of RAM. The maximum wall time per job is 5 days. You can find how to use it in the CECI
documentation?.

Lyra was chosen over other CECI clusters for two main reasons. First, it provides a dedicated
GPU on each node, which is essential for training transformer-based models. Second, other GPU-
capable clusters such as Hercules2 or Dragon2 either have fewer GPUs, older GPU generations, or
are primarily designed for serial/SMP workloads. Clusters such as Lemaitred and NIC5 have no
GPUs at all. For ICD-10 code classification using large language models, GPU acceleration is not
optional. Training times without GPU would be prohibitive.

The Python environment was managed using a virtual environment activated in every job script.
The core framework was PyTorch 2.9.1, combined with Hugging Face Transformers 4.57.3 and
Tokenizers 0.22.1 for model loading, fine-tuning, and tokenisation. Hyperparameter search was

1CECI Consortium. Documentation and User Guide for High-Performance Computing resources. https://
support.ceci-hpc.be/doc/, 2026. Accessed: 2026-03-28. The CECI is funded by the F.R.S.-FNRS and the Walloon
Region.
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performed with Optuna 4.8.0. Standard data processing relied on NumPy 2.3.5, Pandas 2.3.3,
and scikit-learn 1.7.2. Scikit also provides evaluation metrics such as Fl-score and classification
reports.
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Chapter 6

Model performance analysis

This chapter provides a comparative analysis of model performances across the two clinical coding
objectives defined in the thesis.

First, Section 6.1 examines the “group of words to ICD codes” retrieval task. It evaluates how
effectively lexical and deep learning methods resolve paraphrased diagnostic descriptions against
exact ICD-10-CM codes. This section also explores near-miss analysis and chapter-level heatmaps
to assess the clinical coherence of errors.

Second, Section 6.2 evaluates the document-level multi-label classification task. We compare our
custom hierarchical architecture modelD_hierarchy against state-of-the-art models on different ex-
perimental setups from the literature. The section then analyses the impact of training imbalance,
examines inference latency and architectural trade-offs. It concludes with a qualitative dive into
model explainability, via chunk-level attention heatmaps and Leave-One-Out token-level analysis.

6.1 Group of words to ICD codes results

This section presents the evaluation results for the retrieval task described in Section 5.2. Eight
models are compared on the synthetic dataset of 2,567 examples introduced in Section 5.1.3,
covering all ICD-10-CM chapters. Results are organised around three axes: model family (lexical
vs. neural), example difficulty (easy vs. hard), and retrieval depth (k € {1,5,10}). We then
perform a near-miss analysis that moves beyond exact code retrieval to examine whether models
at least orient towards the correct clinical domain. We conclude with a qualitative chapter-level
error analysis.

6.1.1 Global retrieval performance

|Accuracy@1 Accuracy@5 Accuracy@l10 | MRR

Levenshtein 0.219 0.297 0.330 0.252
Dice-Sgrensen coefficient 0.314 0.454 0.517 0.373
T-LCS 0.231 0.334 0.374 0.274
W-LCS 0.219 0.308 0.347 0.258
Original SapBERT 0.379 0.610 0.687 0.477
Reimplemented SapBERT 0.368 0.596 0.673 0.467
PubMedBERT 0.147 0.226 0.266 0.181
ClinicalModernBERT 0.181 0.288 0.337 0.227

Table 6.1: Overall results of the models on the exact code retrieval task

Table 6.1 reports Accuracy@k and Mean Reciprocal Rank (MRR) for all eight models on the com-
plete evaluation set. The results reveal three performance levels: the non-aligned neural models,
the lexical baselines, and the aligned SapBERT models.

The most striking result in Table 6.1 concerns PubMedBERT and ClinicalModernBERT. Both
pretrained neural models fall well below the lexical baselines. Although this placement is
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counterintuitive, it has a clear explanation. Without any synonym-alignment training, the [CLS]
embeddings produced by these models are not optimised for similarity search. The biomedical
pre-training objective (masked language modelling on medical text) produces rich contextual rep-
resentations, but provides no guarantee that synonymous expressions will be geometrically close
to one another in the embedding space, which is exactly what the cosine similarity relies on. This
suggests that alignment training on top of either architecture would be a natural next step, and
is exactly proven by SapBERT results commented here below. It is nonetheless worth noting that
the architectural and domain improvements of ModernBERT provide a measurable performance
increase, improving the MRR by nearly 25% over PubMed BERT.

Lexical baselines come next in terms of performance. Among those, the Dice-Sgrensen coefficient
stands apart from the other three. Its MRR (0.373) is roughly 40% higher than Levenshtein (MRR
0.252), T-LCS (0.274), and W-LCS (0.258), which are barely distinguishable from one another.
This gap within the lexical family is larger than what we expected. The failure of LCS methods to
outperform plain Levenshtein distance is informative: the principal challenge in the dataset is not
substring matching but semantic paraphrase. In this regime, all character-level metrics degrade
together regardless of their formulation, leaving Dice’s bigram overlap, insensitive to order, as the
most forgiving measure.

We further observe that W-LCS underperforms T-LCS despite its more complex formula. This is
likely a design mismatch: W-LCS was built to boost scores when one string is mostly contained
within the other, with an asymmetric weighting that assumes the query is shorter than the tar-
get. A length difference analysis on the dataset shows that even though generated descriptions
have a tendency to be shorter than the official ones, both often display comparable length. This
means that the containment assumption rarely holds and the asymmetric weighting introduces
noise rather than signal.

The original and reimplemented SapBERT clearly dominate all other models, with MRR scores
of 0.477 and 0.467 respectively. These results are especially significant, as they imply that on
average, the correct ICD-10-CM code is found between the first and second suggestions. The gap
over the best lexical model (Dice-Sgrensen coefficient) is over 10 percentage points. It is even
larger then the unaligned neural models, confirming that self-alignment is the decisive factor, not
the biomedical pretraining per se. The reimplemented SapBERT performs within 1-2 percentage
points of the original checkpoint across all metrics, confirming the reproducibility of the training
procedure described in Section 5.2.2.

To further understand these performance disparities, we examine the easy/hard split defined in
Section 5.1.3, which uses BM25 rank as a proxy for lexical accessibility. Figure 6.1 breaks down
the MRR by difficulty subset (overall, hard, easy) and confirms different dynamics across model
families.

On easy examples, we notice the widening spread within the lexical family. The gap between
Dice coefficient and the other baselines is around 15-20 percentage points, compared to a gap of
less than 10 points on the hard subset. This is consistent with the earlier explanation of Dice’s
advantage. On easy examples, surface similarity becomes available and what separates models is
how efficiently they exploit it. Dice’s order-insensitivity gives it a structural edge over descriptions
that are close but not identical. A minor word reordering or inflectional variation that barely
changes meaning still disrupts Levenshtein and LCS-based scoring, while Dice absorbs it without
penalty. When examples become more complex, the gap collapses because paraphrasing defeats
all character-level methods indiscriminately, even though Dice degrades more gracefully than the
others.

We observe that the SapBERT variants maintain their lead on the easy queries, but with a re-
duced margin over Dice-Sgrensen. We also see that ClinicalModernBERT surfaces correct codes at
higher positions than PubMedBERT, a gap that is more pronounced in this easy subset than when
we first identified it within overall results. Both neural baselines nonetheless remain well below
the lexical models, clear evidence that their weakness is structural rather than difficulty-dependent.

The hard subset reinforces this conclusion: PubMedBERT and ClinicalModernBERT are now col-
lapsed to the bottom of the chart. The SapBERT variants retain MRR values of approximately
0.271-0.293, while Dice leads the lexical family at 0.15. The hard subset is the relevant evalu-
ation regime and the one most representative of real clinical notes, where diagnostic expressions
are rarely verbatim copies of official ICD terminology. Subsequent analysis will therefore focus
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exclusively on this subset.
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Figure 6.1: Mean Reciprocal Rank (MRR) for the eight models across difficulty subsets. Unaligned
models remain at the bottom even on easy examples. Dice-coefficient lead over other lexical
baselines is reduced across hard subset, but enhanced on the easy one. The advantage of SapBERT
variants is clear on all examples, especially difficult ones.

Finally, a breakdown by generation source (Llama 3 vs. BioMistral) confirms that performance is
essentially identical across both generators within each difficulty bin, with no systematic retrieval
bias attributable to either model. This suggests that the results reflect fundamental model capa-
bilities rather than generation artifacts. The plot displaying the details about this breakdown is
in Appendix C.1.

6.1.2 Near-miss analysis

We decided to measure not only whether the exact code is retrieved, but also whether the model
at least identifies the correct clinical domain. This distinction is motivated by the hierarchical
structure of ICD-10-CM: a model that retrieves a code from the correct chapter or 3-character
category has partially succeeded, in the sense that it has narrowed the search space for a human
reviewer even when the precise code falls outside the top-k.

Figure 6.2 presents this analysis on the hard subset, by plotting chapter-level and 3-character ac-
curacies against exact code accuracy, for k € {1,5}. Points above the diagonal indicate models
that often identify the correct hierarchical level despite failing on the exact code. Points near
the diagonal indicate models that rarely orient towards the right chapter or category without also
finding the exact code.

At k =1 (left panels), exact code accuracy is at its lowest for all models, which makes the vertical
spread in chapter or category accuracy even more visible. Concerning chapter accuracy (top-left
panel), although all models are significantly above the diagonal, the dissociation is largest for the
SapBERT variants. Original SapBERT retrieves the exact code correctly only 18.8% of the time
at Top-1, yet already points to the correct chapter 82.5% of the time. In the large majority of
hard cases where SapBERT’s first suggestion is wrong, it is still wrong within the correct clinical
domain. Lexical baselines cluster in a tighter band at chapter accuracy 0.47-0.58, showing that
even character-level methods carry some chapter-level signal in their top prediction.

As k increases to 5 (right panels), both axes rise, and points shift up and to the right. As more
candidates are retrieved, all models accumulate both more exact hits and more correct-chapter
and correct-category hits, and the latter consistently outnumber the former. At Top-5, SapBERT
reaches a chapter accuracy of approximately 0.904-0.919. This means that for almost every
hard example, SapBERT retrieves at least one code from the right chapter in its first
five suggestions. The gap over the lexical family remains substantial, at roughly 20 percentage
points, confirming that the near-miss advantage of neural models holds beyond Top-1.

We also computed the chapter precision at Top-5. Although not shown directly in the plots here,
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it is visible in Appendix C.2. The precision is notably high for SapBERT (0.768), while the lexical
baselines cluster in the 0.42-0.55 range. The best lexical model (Dice coefficient) thus recovers the
correct chapter in roughly one in two suggestions for hard examples at Top-5, compared to three
in four for SapBERT.

Hard subset analysis: Exact match vs. Clinical context recovery (k=1, 5)

1o Top-1 performance Top-5 performance
Model
® Levenshtein dist.
® TLCS

0.8 ® W-LCS
o) o, ® ® Dice coeff.
o ® Original PubMedBERT
5 o o
S 06 ° ClinicalModernBERT
o g ® Original SapBERT
9 'Y Reimpl. SapBERT
< ([ ]
@© -
S
o 04
o
(o
=
o
(o]

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

1.0

0.8
>
1e)
e
3
Iy
@ 0.6
2
&
g [ ]
[0l
ﬁ 0.4 °
9] ~\
¢ ¢ ¢
5., 8

0.2 L

0.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Exact code accuracy (@1) Exact code accuracy (@5)

Figure 6.2: Near-miss analysis results for chapter and category precision on the hard subset. The
x-axis shows exact code accuracy and the y-axis shows accuracy at a coarser hierarchical level:
correct ICD-10-CM chapter (top row) or correct 3-character category (bottom row), at k = 1 (left)
and k = 5 (right). All models lie well above the diagonal, confirming a consistent near-miss signal
across model families. The gap is largest for SapBERT variants.

We furthermore flag that the unaligned neural models, despite falling behind the lexical baselines
in terms of exact code accuracy, surpass the Levenshtein and LCS-based methods in chapter-level
accuracy both at Top-1 and at Top-5, coming close to the performance of the Dice coefficient.
This suggests that the MLM pretraining objective does encode enough clinical structure to point
roughly in the right direction, even if it cannot resolve the fine-grained ranking needed for exact
code retrieval.

The 3-character category analysis (bottom row) tells a consistent but more constrained story. As
anticipated, the gap between category accuracy and exact code accuracy is smaller than at the
chapter level, reflecting the finer granularity of the 3-character space. At Top-1, SapBERT variants
achieve a category accuracy of 0.572-0.602 against an exact accuracy of 0.188, which remains a
meaningful near-miss advantage. The Dice coefficient still leads the lexical family at both k values.
PubMedBERT and ClinicalModernBERT now cluster with the weakest lexical models, offering a
weak near-miss advantage at this 3-character level.
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6.1.3 Chapter-level error analysis

Figures 6.3a and 6.3b display confusion matrices over the 22 ICD-10-CM chapters for original Sap-
BERT and Dice-Sgrensen coefficient respectively. They count all chapters appearing in the Top-5,
relative to the true chapter encoded in the hard example. These figures complement the near-miss
results with a qualitative view of where both models fail and why. We limit the discussion to the
two top-performing models, in order to avoid unnecessarily cluttering the section. The confusion
matrices for the other models can be found in Appendix C.

For the SapBERT model (6.3a), the diagonal is strongly dominant across nearly all chapters. Off-
diagonal clusters are sparse, consistent with the high chapter precision reported in the near-miss
analysis. The confusions that do occur are often clinically interpretable. For instance, Chapter
XVII (Congenital) examples are sometimes erroneously classified into Chapter XIV (Genitourinary,
61 counts) or Chapter XIIT (Musculoskeletal, 45 counts), reflecting real ICD-10 subcategories:
congenital malformations of the genitourinary system and the musculoskeletal system, leading
to shared terminology. Chapter XXI (Health Status Contact) similarly disperses into Chapter
V (Mental Behavioural, 50 counts), Chapter XIX (Injury, Poisoning, and Certain Other Conse-
quences of External Causes, 120 counts), and Chapter XVII (Congenital, 79 counts). This follows
from Health Status Contact being more of an administrative chapter, sitting at the intersection of
multiple chapters: it handles counselling and history of psychological trauma, along with aftercare
following an injury, and genetic screening. A subtle asymmetry also appears between Chapter XII
(Skin) and Chapter XIII (Musculoskeletal): Skin is predicted as Musculoskeletal 109 times, while
the reverse occurs only once. Skin conditions over joints or extremities share anatomical termi-
nology with musculoskeletal codes, but the reverse is rarely true. Finally, we note that Chapter
XXII (Special Purposes) has a very diffuse confusion pattern, but this only reflects the very small
number of evaluation examples rather than a systematic model failure.

Chapter-level confusion matrix: Original SapBERT
(Hard subset only: Top-5 predictions)

Iinfectious [k 2 0 4 1 1 6 1 3 10 10 20 47 4 4 16 3 5 14 4 4 0
lINeoplasms 7 BB 5 4 2 0 8 16 2 1 5 1 71 6 40 0 0 6 1 0 7 O
Il Blood Immune 4 5 (463 7 14 2 3 1 0 0 3 16 13 2 90 12 7 8 9 0 11 0
IV Endocrine Metabolic 3 1 6 412 3 0 12 46 0 8 3 1 9 1 13 0 7 2 1 1 1 0 1000
IX Circulatory 0 3 2 3 [EBl10 41 21 0 4 0 3 6 0 78 17 0 14 10 3 5 0
V Mental Behavioural 10 2 0 2 2 [kEf17 4 0 5 1 52 9 8 21 14 10 11 40 22 7 O
ViNervous 12 0 2 0 25 2642211 2 0 3 2 13 0 25 0 13 24 32 2 6 O
VIEje 12 3 0 O 4 0 20443 2 0 1 1 0 0 29 0 0 3 0 0 0 O 800
a
VIlEar 10 2 0 0 0 0 4 258 1 1 11 0 26 0 1 3 3 0 1 0 g
[
5 XRespiratory 28 6 0 1 6 1 2 8 6 238 6 14 2 2 76 0 4 24 10 4 2 0 e
2
5 Xl Digestve 9 6 3 8 2 2 2 10 0O 2 /426 13 19 15 10 0 6 23 22 0 2 O Gooé
2
< Xiiskn 29 0 0 3 9 4 1 17 15 1 33[#¥109 9 8 0 2 4 5 13 0 0 g
£ Xl Musculoskeletal O 0 O O 0O O O O O O O 1 [ o 8 0 0 2 0 1 0 ]
3
XIV Genitourinary 7 39 0 7 0 0 0 27 1 2 1 2 7 [439 31 45 4 22 28 1 17 O g
i
XIX Injury, Poisoning,etc. 0 O O O 2 0 0 O O 0O 1 0 82 0 0O 0 14 0 5 7 O - 400
XV Pregnancy Childbith 9 0 0 1 5 31 23 1 0 0 11 0 10 51 28 75 31 21 1 44 O
XViPerinatal 5 0 0 3 2 0 2 6 0 0 3 0 0 1 17 47518 16 17 2 11 0
XVIl Congenital 0 25 0 1 O O 10 28 0 O 7 1 45 61 7 20 8 264 5 1 7 0
XVIll Symptoms Abnormal Findings 4 27 1 14 0 26 20 6 1 10 0 0 10 16 101 6 12 23 317 2 14 0 - 200
XX ExternalCauses 0 O O O O O O O O 1 0 O O O 63 0 O O O EE 1 O
XXI Health Status Contact 35 0 0 2 50 18 0 0 12 14 18 3 5 12015 2 79 5 15 308 0
XXIl Special Purposes 37 0O o0 11 18 12 4 O 36 0O 4 3 0 32 4 0 1 3 6 17 32
-0
F ISP I ELE S EF P FFTFESEE S
EFEFTFFITE VTN FE N FTo TS S
SN R PSP SN SRY SRS RO P NN K
N Q,\00 {\(\e d_(; ?}Q,e +Q~ N S’y 00(\ Qé\,ﬂo (\c\ *:\ o 0&@ &@ {7@@ S
Ny & RSN T S
< N N\ RS O LN AN
< Q + N QS o Gty
Q AR & Sl
N SO N ~
+ L +
&
B
&S
+

Predicted Chapter

(a) Original SapBERT

50



Chapter-level confusion matrix: Dice-Sgrensen Coefficient
(Hard subset only: Top-5 predictions)
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Figure 6.3: Chapter-level confusion matrix for original SapBERT (top) and Dice coefficient (bot-
tom) on the hard subset. Rows are true chapters, columns are predicted chapters. SapBERT’s
diagonal is strongly dominant, with clinically interpretable errors. Dice’s diagonal is significantly
weaker, with systematic over-prediction of Chapter XIX and less clinically coherent errors.

For the Dice coefficient (6.3b), the diagonal is present but considerably weaker, and the off-diagonal
clusters are more dispersed across rows. We find again some of the clinically interpretable con-
fusion pairs highlighted above, along with some additional masses (e.g. examples from Chapter
VIII (Ear) misclassified in Chapter VII (Eye, 156 counts): despite referring to distinct organs, de-
scriptions for ear and eye conditions share many short anatomical proximity terms, making them
susceptible to bigram overlap confusion).

An observed consistent pattern is misclassification of examples from unrelated chapters
into Chapter XIX (Injury, Poisoning, and Certain Other Consequences of External
Causes). The most concerned chapters are IT Neoplasms, III Blood Immune, VII Ear, and XIII
Musculoskeletal, with more than 100 error counts each. Although present in a smaller measure
with SapBERT, it is very prominent in the Dice confusion matrix. This is likely driven by com-
mon non-anatomical keywords such as injury, traumatic, and tozicity, which appear across many
chapter descriptions and create parasitic bigram overlap with codes from Chapter XIX.

Taken together, the two heatmaps add a qualitative dimension to the quantitative results. Sap-
BERT’s errors are sparse and concentrated in clinically coherent chapter boundaries, while Dice’s
errors are denser and more diffuse, driven more by lexical attractor effects with weaker clinical
foundation. For an ICD coder, the nature of errors matters: a model whose mistakes are clinically
interpretable is easier to audit and correct.

6.2 Full discharge note to ICD codes results

This section presents the results of our experiments on the full discharge-note-to-ICD-10 code
assignment task. We first describe how we train and compare our best model against published
baselines. We then analyse performance across granularity levels and code-frequency bins to assess
how the hierarchical training objective impacts rare-code prediction. Finally, we examine com-
putational cost and interpretability, providing a concrete view of where the model succeeds and
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where it fails at the token and chunk levels.

6.2.1 External validation and Refined training protocol

To compare modelD _hierarchy against published models, we additionally train it on Setup B
(described in Section 5.1.2). This requires a dedicated training protocol, distinct from the fixed
learning rate procedure used for all models on our own MIMIC-IV split throughout this work.
Very low learning rates of the order of 107 have been shown to be critical for stable fine-tuning
of BERT-based models on ICD coding tasks [75]. Following the schedule adopted by PLM-ICD
[4], we therefore introduce a linear scheduler with warm-up. This leads to a more controlled and
stable training trajectory, aligned with best practices in the literature.

Table 6.2 traces the evolution of our model across the three training stages on Setup B. Two
observations stand out. First, micro-F1 stabilises early (around 0.41-0.42), suggesting the model
has reached a plateau on frequent codes, which dominate this metric. Second, macro-F1 and recall
metrics continue to improve steadily throughout all ten epochs. This divergence indicates that the
model progressively learns to recover more rare codes without degrading performance on frequent
ones. This is precisely the effect targeted by the hierarchical conditioning mechanism. Figure 6.4
confirms that the training loss decreases monotonically across all stages. This indicates that the
model had not converged and that additional epochs would likely yield further gains on rare codes.

Training stage Micro-F1 Macro-F1 P@5 P@8 R@10 R@50
Fixed LR (ep. 3) 0.412 0.068 0.576 0.505 0.354  0.667
+ Linear scheduler (ep. 7) 0.416 0.114 0.620 0.543 0.380  0.703
+ Linear scheduler (ep. 10) 0.415 0.123 0.627 0.550 0.385 0.708

Table 6.2: Evolution of modelD_hierarchy performance on the Setup B test set across the three
training stages. All metrics are computed at threshold 7 = 0.85, optimised on the validation set.
Micro-F1 stabilises after the first scheduler phase, while macro-F1 and recall metrics continue to
improve, suggesting that further epochs would primarily benefit rare code prediction.

Loss evolution for epochs 4-10 on the Setup B
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Figure 6.4: Loss evolution for epochs 4-10 on the Setup B. The training loss decreases monotonically
across all stages (0.3123 — 0.2924 — 0.2742), confirming that the model has not converged.

6.2.2 Comparison with State of the art models

As detailed in Section 5.1.2, comparing ICD coding models across studies is inherently difficult due
to differences in label space, split strategy, and code filtering. Having established the training dy-
namics on Setup B (Section 6.2.1), we now compare modelD_hierarchy against published baselines.
Table 6.3 recalls the three experimental setups, and Table 6.4 presents the full comparison.

Micro-F1 (0.415 on Setup B, 0.428 on our setup). Micro-F1 is dominated by frequent
codes, so it primarily reflects how well a model handles the most common diagnoses. Our scores
(0.415-0.428) remain below all baselines on both setups. This gap is expected and directly tied
to our architectural choice: label attention operates over 12 chunk-level [CLS] vectors rather than
the full token sequence. By contrast, LAAT and PLM-ICD attend at the token level. CAML uses

52



local convolutional windows and RoSimTail-ICD uses cross-attention between label embeddings
and the full note. All four approaches have access to finer-grained signals than our chunk-level
representations.

As shown in Section 6.2.1, micro-F1 plateaus early during training and does not improve with
additional epochs, confirming that this is a structural ceiling rather than a training issue. The
architectural trade-off is intentional: our model runs 3.5x faster than PLM-ICD at inference (Sec-
tion 6.2.6), which matters in a deployment setting.

Setup A Setup B Our Setup
[59] [5, 60] 5.1.2

Dataset MIMIC-IV MIMIC-IV MIMIC-IV
Train / Val / Test 110,442 / 4,017 / 7,851 88,969 / 13,310 / 19,999 75,133 / 23,608 / 23,534
Unique ICD-10 codes 25,230 7,942 9,683
Split strategy Random Patient-level Patient-level
Code guarantee in all splits No Partial (~0.5% missing in val) Near-complete (<0.16%)
Code type Diagnosis only Diagnosis + Procedure Diagnosis only
Code filtering — > 10 occurrences > 3 patients

Table 6.3: Comparison of experimental setups. All three use MIMIC-IV ICD-10 on the full code
task but differ in label space size, split strategy, and code coverage. Setup A risks data leakage
through admission-level random splitting. Setup B and our setup both use patient-level splitting;
our setup additionally retains a 22% larger label space and achieves near-complete code coverage
across all splits.

Model Micro-F1 Macro-F1 P@5 P@8 P@10 R@10 R@20 R@50

Setup A — MIMIC-IV-ICD benchmark (25,280 codes, 110k/4k/8k split)

CAML 0.527 0.041 - 0.644 - - - -
LAAT 0.554 0.045 - 0.670 - - - -
PLM-ICD 0.570 0.049 - 0.695 - - - -

Setup B — MIMIC-IV ICD-10 (7,942 codes, 122k docs, patient-level split)

CAML 0.554 0.160 - 0.668 - - - -
LAAT 0.579 0.203 - 0.689 - - - -
PLM-ICD 0.585 0.211 - 0.699 - - - -
RoSimTail-ICD 0.593 0.293 - 0.713 - - - -
modelD_hierarchy’ 0.415 0.123 0.627 0.550 0.508 0.385 0.535 0.708

Our setup — MIMIC-1V ICD-10 (9,685 codes, 122k docs, patient-level split)
modelD _hierarchy 0.428 0.068 0.615 0.534 0.492 0.394 0.539 0.700

T Trained on Setup B label space following the dedicated training protocol (Section 6.2.1).

Table 6.4: Performance comparison across three experimental setups (see Table 6.3) using various
metrics 4.8. Our model operates on chunk-level [CLS] representations (12 chunks of 512 tokens)
rather than word-level attention. This limits the accuracy but reduces inference cost. And it is
the only model reporting recall@k: R@50 = 0.708 on Setup B and 0.700 on our setup, recovering
70% of true codes within the top-50 predictions.

Macro-F1 (0.123 on Setup B, 0.068 on our setup). Macro-F1 weights all codes equally
regardless of frequency, making it our most informative metric for rare-code performance. On Setup
B, our macro-F1 of 0.123 approaches CAML (0.160) and continues to improve throughout training
as shown in Table 6.2. This confirms that the hierarchical conditioning mechanism contributes
directly to rare-code recovery. Full codes benefit from the supervision signal of their more frequent
parent codes at the chapter and 3-character levels. The gap with RoSimTail-ICD (0.293) reflects
a difference in design philosophy. RoSimTail-ICD targets the long tail through dedicated modules
(SSDC and MATR), whereas our model addresses imbalance only through the ICD-10 hierarchy,
without auxiliary losses or multi-stage training.

Top-k precision (P@5, P@8, P@10). Our P@8 of 0.550 on Setup B remains below baselines
(0.668-0.713), again consistent with the chunk-level granularity trade-off described above.
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Recall (R@Q10, R@20, R@50). This is the metric most directly relevant to our deployment
goal. Recovering 70% of the true code set within the top 50 predictions makes our model well
suited to a human-in-the-loop workflow, where completeness matters more than precision alone.
Our training objective explicitly prioritised recall, since missing a relevant code is costlier than
suggesting an extra one for a human reviewer to discard. This is reflected on both setups. RQ50
reaches 0.700 on our setup and 0.708 on Setup B. No published baseline in this comparison reports
recall@k, which suggests this dimension has been largely overlooked in the literature.

Inference time and architectural trade-offs

Table 6.5 benchmarks inference time across all models on the same NVIDIA RTX 6000 Ada
Generation GPU. Among transformer-based models, our model (modelD_hierarchy) is the
fastest, running 3.5x faster than PLM-ICD and 2.1x faster than RoSim-Tail despite sharing the
same PubMedBERT backbone. This follows directly from two architectural choices summarised
in Table 6.6. First, a reduced chunk count (12 vs. 32). Second, label attention operates over
chunk-level [CLS] representations rather than the full token sequence, substantially reducing the
size of the attention matrix. RoSim-Tail adds further latency through its two auxiliary modules
(SSDC and MATR).

CAML and LAAT are faster still due to their lightweight CNN/LSTM architectures (15M and 37M
parameters vs. 125M+ for transformers), but this speed advantage comes at a cost in rare-code
performance.

The key point is not that our model is the simplest model, but that its single structural addition
— the ICD-10 hierarchy — requires neither auxiliary losses, nor multi-stage training, nor external
alignment module. In a production healthcare setting, where models must be retrained on up-
dated ICD versions, audited, and explained to non-technical stakeholders, this simplicity has real
operational value beyond benchmark numbers.

Model Mean (ms/doc) P95 (ms/doc) Throughput (doc/s)
CAML 3.1 3.1 317.1
LAAT 20.7 31.6 46.3
ModelD_hierarchy * 53.3 55.3 16.7
RoSim-Tail * 114.7 — 8.7
PLM-ICD * 184.4 185.6 5.4

Table 6.5: Inference time per batch (RTX 6000 Ada). Among transformer-based models (*), our
modelD _hierarchy is the fastest. The speed is driven by a reduced chunk count and a compact
label attention over [CLS] representations rather than the full token sequence.

6.2.3 Overview of model configurations

Figure 6.5 presents the variants of our model. Each row corresponds to a different model vari-
ant. The first eight columns capture the key architectural and training choices: chunking strategy,
pre-trained encoder, aggregation mechanism and multi-task hierarchy. The last three columns of
Table 6.5 report micro-F1, macro-F1, and recall@20 on the full code task, our primary evaluation
target. All metrics use the optimal decision threshold selected for each model on the validation set
by maximising micro-F1 (see Table 6.7). You can find the results for all our trained models across
all metrics, beyond just micro-F1, macro-F1, and recall@20 in Appendix D

These metrics are not equally informative in our setting. Micro-F1 is dominated by frequent
codes and remains compressed across all valid models (0.39-0.46), making it a poor discriminator.
Macro-F1 and recall@20 are more interesting. The former reflects on how well a model handles
rare codes. The latter shows whether the correct codes appear in a short candidate list. They are
both directly relevant to the coding-assistance use case.

These columns already tell a clear story. Macro-F1 ranges from 0.024 to 0.068 and recall@20 from
0.49 to 0.54, with our modelD_hierarchy leading on both. And model marked 0f produced no
predictions due to the instability of the Optuna optimisation.
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RoSimTai modelD
Feature CAML LAAT PLM-ICD -ICD hierarchy
Encoder
Pre-trained language model No No Yes Yes Yes
Biomedical domain No No Yes Yes Yes
Word embeddings (Word2Vec / fastText) Yes Yes No No No
Recurrent encoder (BiLSTM) No Yes No No No
Convolutional encoder (CNN) Yes No No No No
Long document handling
Chunking strategy No No Yes Yes Yes
Chunk size (tokens) — — 128 128 512
Max chunks — — 24 32 12
Max sequence length (tokens) — 4000 3072 4096 6144
Attention input: token-level Yes Yes Yes Yes No
Attention input: chunk [CLS] only No No No No Yes
Classification head
ICD hierarchical modelling No No No No Yes
Long-tail specific mechanism No No No Yes Part
Semantic alignment correction (SSDC) No No No Yes No
Multi-stage tail refinement (MATR) No No No Yes No

Table 6.6: Architectural comparison across models.

SSDC and MATR modules.

Our modelD_hierarchy relies on a single
structural prior (ICD-10 hierarchy) with label attention over 12 [CLS] representations, versus full
token-sequence attention over 32 chunks for PLM-ICD and RoSim-Tail, the latter further adding

Model Architecture (Full Code) Chunking PubMedBERT ModernBERT Agg: Mean Agg: Bi-GRU  Agg: Attn All  Agg: Attn CLS
TF-IDF X X X X X X X
modelB mean v v X v X X X
model_gru v v X X v x X
modelC_cls allword v v X X X v X
modelC_cls attention % 1% x X X X %
modelC ModernBERT v X % X X X %
modelD masking v v X X X X v
modelD hierarchy x v v X X X X v

Multi-task

Micro F1 Macro F1

(Full)

0.456

0.429

ot

0.433

0.445

0.446

0.429

(Full)

0.039

0.024

ot

0.031

0.042

0.033

0.068

Recall@20
(Full)
0.524
0.489
0.144
0.519
0.527
0.533

0.539

Figure 6.5: Architecture of the trained models with micro-F1, macro-F1, and recall@20 on the
full-code task (optimal threshold per model, selected on validation set). Macro-F1 and recall@20
are the primary metrics; micro-F1 is dominated by frequent codes and is uninformative. Mod-
elD_hierarchy leads on both and is selected for deployment. Models marked 0 produce

no predictions due to Optuna instability.

Model Threshold (Full)
TF-IDF 0.19
ModelB_mean 0.22
ModelC_cls attention 0.23
ModelC_cls allword 0.50
ModelC_cls_langchain 0.18
ModelC_ModernBERT 0.30
ModelD _masking 0.22
ModelD _hierarchy 0.88

Table 6.7: Optimal decision thresholds per model, optimised on the validation set
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Progressive improvements. TF-IDF serves as our baseline (recall@20 = 0.524, macro-F1 =
0.039). We introduce PubMedBERT with mean pooling in modelB_mean but it fails to outper-
form the baseline (recall@20 = 0.490, -6.5%), showing that naive aggregation is insufficient. In
model_gru, we replace mean pooling with a Bi-GRU over chunk representations, but it was not
trained on the full-code task due to computational constraints and is therefore only evaluated
at the chapter and 3-character levels. Replacing mean pooling with attention-based aggregation
(modelC_cls_attention) recovers performance (recall@20 = 0.519, -1% vs. baseline). We also tested
a LangChain based chunking strategy (modelC_cls_langchain), which uses a recursive character
text splitter instead of our fixed size chunking. This did not improve over modelC_cls attention
and was not retained for further development

Swapping the encoder for ClinicalModernBERT (modelC_-ModernBERT) yields our best
single-encoder result (recall@20 = 0.527, macro-F1 = 0.042), though the gain likely reflects
hyperparameter tuning; subsequent models retain PubMedBERT. A second setting exploiting
ClinicalModernBERT’s extended context window with larger chunks was also evaluated, see
Section 5.3.5. The model produced near zero predictions because Optuna hyperparameter search
failed to converge. The model was therefore excluded from further analysis.

Cascaded masking (ModelD_masking). This is our first attempt to exploit the ICD hierarchy.
The idea is simple: predictions are used from a coarser level to eliminate implausible codes at
the next finer level. Concretely, chapter predictions block impossible 3-character codes, which in
turn restrict the set of full-code. This is applied at inference time on top of our already trained
modelC_cls_attention. It improves recall@20 to 0.533 (+1.7% vs. baseline) but macro-F1 remains
weak (0.033, -15% vs. baseline), and three encoder passes make it costly.

Multi-task hierarchy (ModelD _hierarchy). Our modelD hierarchy resolves this limitation
by consolidating the three models into a single multi-task architecture: one encoder pass feeds
three classification heads that jointly predict chapters, 3-character codes, and full codes. Higher-
level predictions regularise the full-code head, particularly for rare codes. This yields macro-F1
= 0.068 (+106% vs. modelD_masking, +74% vs. baseline) and recall@20 = 0.539 (+1.1% vs.
modelD_masking, +2.9% vs. baseline), at the cost of a small drop in micro-F1 (0.429 vs. 0.446).
It is our strongest model and the system selected for deployment.

6.2.4 Performance across granularity levels

Figure 6.6 reports macro-F1, recall@20, and micro-F1 across the three granularity levels for se-
lected model variants. All metrics decrease as granularity increases: macro-F1 falls from
0.55-0.74 at the chapter level to 0.13-0.28 at 3-character, and collapses to 0.02-0.07 at full code.
This reflects the long-tail distribution of ICD-10 full codes: most codes rarely appear in the train-
ing set and are therefore difficult to predict individually.

Higher granularity levels are more reliable. Chapter and 3-character predictions are more
accurate than full code predictions. This makes hierarchical modelling valuable: if coarser levels
are easier to predict, their outputs can guide full code prediction. This is precisely the approach
taken in our modelD _hierarchy : it jointly trains three classification heads (chapter, 3-character,
full code) within a single model, so that higher level predictions regularise the full code head. The
result is the highest macro-F1 at both the chapter (0.74) and full-code levels (0.068, +74% vs.
TF-IDF), confirming that joint training directly helps with rare codes.

Strong intermediate-level performance does not guarantee full-code performance. Our
modelC _cls_allword achieves the best 3-character recall@20 (0.78) and macro-F1 (0.28), yet col-
lapses at the full-code level due to training instability. This serves as a reminder that each granu-
larity level must be validated independently.

6.2.5 Impact of training imbalance

Figure 6.7 shows performance by ICD-10 code frequency in the training set, across four bins : very
rare (<10 occurrences), rare (10-50), medium (50-500), and frequent (>500). The four panels
report micro-F1, macro-F1, recall@10, and the gap between recall@10 and micro-F1.
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Figure 6.6: Performance across granularity levels for selected model variants. All metrics drop
with granularity, reflecting the long-tail distribution of ICD-10 full codes.

All our models collapse on rare codes. Micro-F1 exceeds 0.48 on frequent codes but falls
below 0.02 on very rare ones. Macro-F1 is near zero on both rare bins for most of our models,
meaning they simply fail to predict those codes. This is a direct consequence of the long-tail dis-
tribution: 5,244 very rare codes contribute almost nothing to the training loss, while 366 frequent
codes dominate it.

ModelD _hierarchy is our only model that actually learns rare codes. While all other mod-
els effectively fail : macro-F1 between 0.0001 and 0.0002 on very rare codes, our modelD __hierarchy
reaches 0.0062, a substantial improvement. On the rare codes bin, the gap is equally striking:
0.0768 versus 0.0116-0.0235 elsewhere. Hierarchical training channels useful signal from coarser
heads down to the full-code head, giving the model a fighting chance even on codes seen only a
handful of times.

The gap panel (recall@10 - micro-F1) reveals a further distinction between representation quality
and prediction confidence. A large gap means the model ranks the correct code in its top 10 but
does not commit to predicting it. The representation is correct, but the confidence score falls below
the decision threshold. This gap peaks in the rare bin (10-50) for all models, reaching 0.32 for
TF-IDF and around 0.27 for neural models, then collapses to near zero on frequent codes where
confidence and coverage converge. This suggests that the bottleneck is not in how the
model ranks codes, but in how confidently it scores them. A consequence of seeing rare
codes so infrequently during training is that the model never learns to predict them with high
probability, even when it identifies them as plausible candidates.

Finally, TF-IDF shows a surprisingly competitive recall@10 on very rare codes (0.146), above
several neural models. Sparse representations naturally preserve the lexical specificity of rare
codes : unusual terms that appear in few notes tend to be strong identifiers. Neural models
learn smoother, more generalised representations that benefit frequent codes but can dilute these
distinctive signals. This is a limitation that modelD hierarchy partially compensates for through
hierarchical regularisation.

6.2.6 Computational cost
Training time

Training times were measured on an NVIDIA RTX 6000 Ada Generation GPU. Model_C_cls_attention
required 20h13 for 5 epochs on the full task, serving as the reference encoder. ModernBERT re-
quired approximately 2 days for 5 epochs on the chapter and 3-char tasks, making it significantly
more expensive than Model_C_cls_attention (1 day and 15h for the same task).

Model D (hierarchical) trained for 10 epochs in 26h25, which is remarkably efficient given that
it jointly learns all three classification tasks simultaneously : chapter, 3-char, and full code in a
single training run. In practice, Model D’s single 26h25 run replaces what would otherwise be
three independent training jobs, making it the most cost-effective architecture when the full multi
granularity pipeline is considered.
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Performance trajectory across code frequency bins for different models
All models degrade sharply from frequent to rare codes
Numbers between brackets indicate the number of codes in the corresponding bin

Micro F1 Macro F1

Score
Score

<1 10-50 50-500 >500
(5.244) (2.568) {1.505) (366)
Code frequency bins Code frequency bins

Recall@10 Gap (Recall@10 — Micro F1)
0.7 - 0.40 7 L d in top-10

Larg
0.35 -  but below dec
0.30 -

0.25 -

Score
Score

0.20 -

0.15 -

0.10 -

0.05 -

' 0.00
50-500 >500 <10

<1 10-50 10-50 50-500 >500
(5.244) (2,568) (1,505) (366) (5.244) (2,568) (1,505) (366)

Code frequency bins Code frequency bins

k- TF-IDF  -M- modelB mean -@- modelC attention  —#- modelC ModernBERT ~ —¥- modelD masking =@= modelD hierarchy *

Figure 6.7: Performance trajectory across code frequency bins for different models. All models
collapse on rare codes; ModelD _hierarchy is the exception, outperforming others by a large margin
on macro-F1. The gap panel (recall@10 - micro-F1) reveals that rare codes are ranked correctly
but not predicted, pointing to a confidence calibration issue.

Inference time

Table 6.8 reports inference times over 200 documents. All neural models run in 50-67 ms/doc.
The exception is ModelD _masking (183.6 ms/doc), which requires three sequential encoder passes
: one per granularity level. ModelD_hierarchy avoids this by consolidating everything into a single
pass, keeping latency low (53.3 ms/doc). TF-IDF is the slowest at 403.5 ms/doc, though it runs
on CPU and is not directly comparable.

Model ms/doc doc/s
TF-IDF (CPU) 403.5 2.5
ModelB_mean 49.9 20.0
ModelC_cls_attention 51.3 19.5
ModelC_ModernBERT 67.2 14.9
ModelD _masking 183.6 5.4
ModelD _hierarchy 53.3 16.7

Table 6.8: Inference time per document measured on an NVIDIA RTX 6000 Ada Generation
GPU over 200 documents. TF-IDF runs on CPU (scikit-learn) and is not directly comparable.
ModelD _hierarchy offers the best performance-speed trade-off among the proposed architectures.

6.2.7 Attention heatmap

Figure 6.8 shows the attention heatmap for a note from the test set. Each row corresponds to a
true ICD-10 code assigned to the note. The y-axis label indicates whether our modelD __hierarchy
correctly predicted the code (v') or missed it (x). Each column is a text chunk of the note. Each cell
shows the normalised attention weight the model assigns to that chunk when predicting that code
: the brighter the cell, the more the model relies on that chunk. This visualisation allows
us to inspect whether the model focuses on the relevant parts of the note when making a prediction.
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Note #0 — Attention weights per chunk and ICD-10 code
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Figure 6.8: Attention heatmap for a note from the test set. Each row is a true ICD-10 code
(v correct, x missed); each column is a text chunk. Cell brightness reflects how much the model
relies on that chunk. Sharp, localised attention correlates with correct predictions; diffuse or
misallocated attention leads to failures.

When attention is sharp, predictions are correct. For lexically explicit codes, the model
focuses on the right chunk. 12510 (CAD/coronary artery disease, p=0.99) spikes on chunk CO
(weight: 0.49), which contains “cad s/p distant mi”, where p denotes the confidence score assigned
by the model to that code for this note.

K259 (gastric ulcer, p=0.98) concentrates on chunk C7 (weight: 0.43), containing “gastric ulcer-
ation: continued on home pantoprazole bid.” In both cases, the evidence is explicit and spatially
concentrated in a single chunk.

When attention is diffuse or misallocated, predictions fail. For 15023 (heart failure,
p=0.28), evidence is spread across multiple chunks : “flash pulmonary edema,” “bilateral pleural
effusions” but attention remains diffuse (C2 attention weight: 0.006, C3 attention weight: 0.291,
C4 attention weight: 0.326) and the model misses the code. The problem here is not the location of
the evidence but its distribution: no single chunk concentrates enough signal to trigger a confident
prediction.

For E118 (Type 2 Diabetes Mellitus with complications, p=0.15), the failure is different. Attention
correctly focuses on chunks where “diabetes” appears, but predicting this specific code requires
linking that mention to “70/30 insulin”. This evidence appears in a different chunk that specifies
the complication. The model misses this cross-chunk reasoning step, likely compounded by the
code’s rarity (0.33% in training).

6.2.8 Leave-One-Out token analysis

The Leave-One-Out (LOO) analysis measures how much each token contributes to the prediction
score within a given chunk. All analyses in this section are performed on modelD_hierarchy, our
best model selected for deployment. Concretely, each token is removed one at a time, and we
record the change in prediction probability: Ap = Ppase — Pwithout token- A large positive Ap means
the token is useful : removing it actually hurts the prediction (shown in red). A negative Ap
means the token is noise : removing it actually improves the prediction (shown in green). Each
figure displays the 30 tokens with the largest absolute impact. Note that the final prediction score
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aggregates all chunks weighted by attention; the LOO analysis therefore reveals what drives each
chunk’s contribution, rather than the final score directly.

We analyse three representative cases (Figures 6.9 to 6.13) illustrating both the strengths and
failure of our model.

Single dominant token. The heatmap in the section above showed that attention is sharp and
well-localised on the right chunk for 12510 and K259. The LOO explains why: a single token
carries the entire signal. For 12510, “cad” alone drives the prediction (Ap ~ +0.023, Figure 6.9);
for K259, “ulceration” dominates at Ap =~ 40.170 (Figure 6.10). One explicit keyword is sufficient
for the model to be confident.

LOO Attribution Analysis - Note #0
ICD-10 Code: 12510 | Target Chunk: CO

cad

distant
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Impact on Prediction Probability (Delta P)

Figure 6.9: LOO analysis for code 12510 (CAD) in chunk CO, see 6.2.8 for more details. The
token “cad” alone drives the prediction (Ap &~ +0.023), confirming that a single explicit keyword
is sufficient for a confident prediction.

Vocabulary is not the bottleneck. For 15023 (heart failure), the model succeeds on Note 2
(p=0.99) where evidence is concentrated in one chunk, but fails on the note from the heatmap
(p=0.28) where the same tokens are spread across chunks (Figure 6.11). The model knows the
relevant vocabulary however the failure in Note 1 is due to an attention aggregation problem.

Failed prediction. For E118 (Type 2 Diabetes Mellitus with complications, p=0.15), the most
attended chunk C4 is dominated by irrelevant lab tokens : “pitting,” “wbc,” lab markers and sev-
eral act as strong noise (Figure 6.12). In chunk C10, “neuropathic” and “nifedipine” provide weak
useful signals, but since C10 receives little attention, their contribution to the final score remains
negligible (Figure 6.13). The failure combines two problems: the wrong tokens dominate the most
attended chunk, and the right signals are buried in low-attention chunks.
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LOO Attribution Analysis - Note #0
ICD-10 Code: K259 | Target Chunk: C7
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Figure 6.10: LOO analysis for code K259 (gastric ulcer) in chunk C7. “ulceration” dominates the
prediction (Ap ~ 40.170). Tokens such as “failure” and “edema” appear as noise : unrelated
diagnoses co-occurring in the same chunk create interference.

LOO Attribution Analysis - Note #1
ICD-10 Code: 15023 | Target Chunk: C5
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Figure 6.11: LOO analysis for code 15023 (heart failure) in chunk C5 of Note 2 (p=0.99). Evidence
is dense and concentrated in one chunk. Contrast with the note from the heatmap (p=0.28), where
identical tokens spread across chunks cause failure : the bottleneck is attention aggregation, not
vocabulary.
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LOO Attribution Analysis - Note #0
ICD-10 Code: E118 | Target Chunk: C4
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Figure 6.12: LOO analysis for code E118 (Type 2 Diabetes Mellitus with complications) in chunk
C4 (most attended chunk, weight: 0.33). The chunk is dominated by irrelevant lab tokens; “labo-
ratory,” “albumin,” and “urea” act as strong noise, actively degrading the prediction

LOO Attribution Analysis - Note #0
ICD-10 Code: E118 | Target Chunk: C10
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Figure 6.13: LOO analysis for code E118 (Type 2 Diabetes Mellitus with complications) in chunk
C10. “neuropathic” and “nifedipine” emerge as weak useful signals, but the overall contribution
remains too small to cross the decision threshold

Key takeaways from the interpretability analysis. The attention heatmap and LOO analysis
together reveal three failure modes:

e Distributed evidence (I5023): relevant tokens exist but are spread across chunks : no
single chunk accumulates enough signal to trigger a confident prediction.

e Attention misallocation (E118, chunk C4): the most attended chunk contains irrelevant
tokens that actively degrade the prediction, while the right signals are buried in low attention
chunks.
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e Chunk-level interference (K259): unrelated diagnoses co-occurring in the same chunk
introduce noise that competes with the target signal.

Conversely, the model is highly reliable when a single explicit token dominates a high attention
chunk. These findings suggest that future improvements should focus on aggregation rather than
token-level representation.

63



Chapter 7

Integration into OpenMRS

The natural next step of the thesis is the translation of the models into a tool that can be effectively
used by clinicians. It requires embedding the models within a real-world clinical information sys-
tem, OpenMRS in this case as motivated in Section 7.1. Furthermore, the inference pipeline must
be adapted to the constraints and characteristics of the deployment environment, and an interac-
tion model must be designed to align with existing clinical workflows. The result is the ICDHelper
module, openly available at https://github.com/tinyhuman-png/openmrs-module-icdhelper
under the Mozilla Public License v2.0 supplemented by an additional Healthcare disclaimer, con-
sistent with the standard licensing approach for OpenMRS modules. The decision to develop an
open-source model was deliberate and important to us. It reflects the underlying principle that
health informatics systems should be transparent, collaborative, and universally accessible. More-
over, open sourcing the project enabled highly valuable engagement with a passionate and diverse
international community.

This chapter begins by introducing the relevant architectural properties of OpenMRS that mo-
tivated our design decisions. Section 7.1 also provides a concise overview of the OpenMRS data
model, with the aim of clarifying the structural components the module integrates itself with. Sec-
tion 7.2 then details the architecture and implementation of the proposed module, together with
the tool integration into the clinical workflow. Subsequently, Section 7.3 addresses the testing and
validation procedures. The chapter concludes in Section 7.4 with a discussion of the community
feedback received.

7.1 OpenMRS as the target platform

As stated in Section 2.3, OpenMRS is an open-source electronic medical platform. It is designed
for deployment in resource-limited settings and already adopted in over 8,100 facilities worldwide.
Beyond its widespread adoption and active community, two key architectural properties make it a
particularly suitable target for deploying an ICD coding tool: its concept dictionary and its module
system.

7.1.1 Concept dictionary and CIEL

The concept dictionary is at the core of OpenMRS. It defines all the clinical data elements used
throughout the system. Each concept represents a clinical entity such as a diagnosis, a symptom,
a laboratory test, a medication, etc.

A very interesting feature of concept objects is their ability to be mapped to other concepts or
to external standardised terminologies, such as SNOMED CT, ICD-10 and ICD-11, LOINC. Each
concept mapping must specify the nature of the relationship between the concept and the other
code or term. For instance, a concept can be exactly equivalent to the external term (SAME-AS), or
broader than it (BROADER-THAN), or narrower (NARROWER-THAN), among other possible relationships.

The mapping mechanism is central for our ICDHelper module, as it provides the bridge between
the ICD-10-CM codes and the internal OpenMRS data representation. When the AI models return
a code suggestion, the module searches the local concept dictionary for concepts mapped to this
code via the ICD-10-CM or ICD-10-WHO sources. If the resolution step succeeds, the module can
link the code to a known OpenMRS concept, enabling structured persistence. The quality and
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completeness of this resolution is directly dependent on the state of the local dictionary.

In practice, many OpenMRS deployments rely on the CIEL (Columbia International eHealth Lab-
oratory) concept dictionary as primary concept source [76]. CIEL is maintained and regularly
updated by the Department of Biomedical Informatics at Columbia University. It maps thousands
of clinical concepts to their counterparts in ICD-10, ICD-11, SNOMED CT, and other international
standards. It is distributed through the OpenConceptLab (OCL) platform, and the OCL module
allows OpenMRS instances to subscribe to the dictionary and synchronise updates.'

We warmly recommend OpenMRS implementers to subscribe to CIEL before using ICDHelper
module, as this dictionary provides many concepts that map to ICD-10-WHO. It is worth noting
that the source for ICD-10-CM does not officially exist in CIEL, but administrators can define
custom concept sources and mappings locally, so we included matches to this exact source for the
deployments that have done so.

Three specific CIEL concepts are required for the correct operation of the module: concept 1284,
called “Problem list” or “Coded Diagnosis”, concept 161602, called “Diagnosis or problem, non-
coded” or “Non-Coded Diagnosis”, and concept 162169 called “Text of encounter note”. These
are verified at module startup and their absence is reported as an error in the server logs.

7.1.2 Modular architecture

The set of functionalities offered by OpenMRS is extended through a module system. Indepen-
dent packages called modules can register new services, Ul pages, REST endpoints, and dashboard
components without requiring changes to the platform core. Developers distribute the modules as
OMOD files, which are JAR archives with a specific internal structure that the OpenMRS runtime
unpacks and loads dynamically at startup. This allowed us to deliver the coding assistant as a
self-contained installable unit: the ICDHelper module.

At the root of this architecture lies the config.xml manifest file. This file strictly defines the
module’s metadata, its required dependencies, and the global properties required for its operation.
The OpenMRS platform can gracefully prevent the module from starting if the host environment
lacks the necessary dependencies.

In practice, a module integrates with the platform through several mechanisms. The module acti-
vator is a class that implements BaseModuleActivator and defines lifecycle hooks invoked when
the module is started or stopped. Within the ICDHelper module, the started() method is re-
sponsible for reading the configured model directory from the global properties, initializing the Al
models, and verifying that the required CIEL concepts are present in the local concept dictionary.
This design ensures that all heavyweight initialisation happens once at startup, keeping subsequent
prediction requests efficient.

Services exposed by a module are registered in a Spring application context configuration file,
named

moduleApplicationContext.xml. This file wires the service implementation directly into Open-
MRS service registry. Once registered, the service becomes accessible to any other module or
controller via Context.getService (ICDHelperService.class), following the same pattern used
by all native OpenMRS services. Transaction management is handled transparently by Spring
through a TransactionProxyFactoryBean, which wraps the service implementation and ensures
that all database operations respect the platform’s transaction boundaries.

For OpenMRS 2, the module user interface is built using the OpenMRS UI Framework, which
follows a convention-over-configuration, component-based architecture. The UI is assembled using
Pages, which define the overall layout and routing, and Fragments, which are reusable self-contained
UI widgets. Both Pages and Fragments can be backed by Java controller classes that handle GET
and POST requests and populate a data model, which is then passed to a Groovy Server Pages
(GSP) template for rendering. While GSP is the standard engine for the Ul Framework and the
one used by our module, the platform also supports Open Web Apps (OWAs) which are client-side
Single Page Applications typically built with React or Angular and interacting with the backend
purely via the REST API, as well as legacy JSP pages for older administration interfaces.

1Rafal Korytkowski. Open Concept Lab. https://openmrs.atlassian.net/wiki/spaces/docs/pages/
25474980/0pen+Concept+Lab Accessed: 2026-05-08
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To surface new functionalities within the platform’s existing UI rather than only through the
administration panel or a direct URI, modules must register extension points. These extension
points are unfortunately not always thoroughly documented, so identifying the exact string iden-
tifier required to place a new button or widget often requires a tedious search through the source
code.

7.1.3 OpenMRS data model

To understand how the ICDHelper module interacts with patient records, it is necessary to first
briefly introduce the core entities of the OpenMRS data model. The system adopts a hierarchical
data organisation aimed at reflecting real-world healthcare workflows (Figure 7.1).

The Patient is the central entity of the system: all clinical data is linked to a patient profile,
directly or indirectly. When a patient interacts with the healthcare facility for a continuous period
of time, this interval is called a Visit. Visits may include multi-day hospital admission or single
clinic appointments. An Encounter represents a specific episode of care, capturing both the time at
which the interaction occurred and the healthcare provider involved. Encounters typically happen
during a visit, with a visit often aggregating multiple encounters. Finally, the Observation (0bs)
is the atomic unit of clinical information, generally recorded during an encounter. Observations
are represented as “question and answer” pairs: the question is always defined by a concept form
the local dictionary, and the answer can take various data types (text, numeric, coded, datetime)
depending on the question concept.

The ICDHelper module first retrieves the Observations within the current active Visit whose
question corresponds to the Visit Note concept 162169. Predicted diagnoses are then persisted as
Observations attached to the encounter of the selected visit note: coded diagnoses as a coded
answer under concept 1284, and unresolved codes as free text under concept 161602.

‘ Patient ’
has many
‘ Visit ’
Visit Type
aggregates
Encounter pemmmmmeeeaaan .
. 1
. Coming from:
Encounter Type 1 CONCEPT :
1
! DICTIONARY X
records L B

Observation (Obs)

Question

Coded Value
(one possible answer)

Figure 7.1: Simplified OpenMRS data model
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7.2 Architecture and implementation of the proposed mod-
ule

Our module follows the standard OpenMRS layered architecture for modules, with a separation
between the prediction layer, the API layer, and the OMOD layer containing the user interface.

7.2.1 Prediction layer

For each analysis task, the best performing model identified during the evaluation presented in
Chapter 6 was integrated into the module. Specifically, SapBERT for the short excerpts and the
custom hierarchical BERT, modelD __hierarchy, for the complete note

A central design requirement of the module is that AT inference must run entirely offline, without
any dependency on external services or network connectivity at prediction time. This constraint
follows directly from the target deployment context. OpenMRS installations in low-resource clin-
ical settings frequently operate on infrastructure with limited or unreliable internet access, and a
coding assistant that degrades or fails when connectivity is unavailable would be of limited prac-
tical value.

For this purpose, we adopted ONNX Runtime?. ONNX (Open Neural Network Exchange) is an
open standard format used for representing machine learning models. It was originally developed
by Microsoft and Facebook, and is now maintained by the Linux Foundation AI & Data. It defines
a common intermediate representation that allows models trained in major frameworks like Py-
Torch, TensorFlow, scikit-learn, etc. to be exported once and executed on any ONNX-compatible
runtime, regardless of the original training environment. ONNX Runtime is the high-performance
execution engine for this format. It is cross-platform, supports CPU and GPU execution, and
provides native APIs for Java and Python, among others. It has become an industry standard
for deployment of neural network models, particularly in contexts where Python dependencies are
undesirable or unavailable.

In the ICD Helper module, the two prediction models were exported from PyTorch to ONNX
format using the torch.onnx.export() method. Both have Opset version 17 and IR version 8.
The Java API of ONNX Runtime then loads and executes these models directly within the JVM,
eliminating external dependencies at inference time. Once the module is initialised, predictions are
produced entirely within the OpenMRS server process, with no outbound communication. This
satisfies the offline requirement completely: the tool functions in the same manner whether the
server has internet access or not.

It is worth noting a practical build-time consequence of embedding the models within the module:
the ONNX model files and vocabulary require a significant amount of memory during compilation.
Users must therefore increase Maven’s allocated heap before building. We recommend the config-
uration MAVEN_OPTS="-Xmx3072m -Xms512m -XX:+UseG1GC".

SapBertPredictor and HierarchicalPredictor are implemented as standalone classes that en-
capsulate all interactions with ONNX Runtime. Both follow the same lifecycle: an initialize()
method creates the ONNX session and loads the supporting data structures form disk at module
startup, a predict () method performs inference on demand, and a close() method releases all
resources at shutdown.

The predictors also share a common tokenizer: BertWordPieceTokenizer, a pure Java reimple-
mentation of the HuggingFace BertTokenizer with do_lower_case=True. It was necessary to
reimplement the tokenizer ourselves, as the official Java tokenizer binding provided by Hugging-
Face

(ai.djl.huggingface:tokenizers) causes a LinkageError when loaded within the OpenMRS
module classloader. The reimplementation replicates the exact tokenisation pipeline: lowercasing,
control character cleaning, punctuation splitting, and WordPiece subword segmentation. The code
of BertWordPieceTokenizer was partially written with the help of generative Al, following EPL
rules, and it was thoroughly tested, as described in Section 7.3.

The predictor implementations closely follow the architecture detailed in Section 5. The only
important adaptation concerns the SapBERT predictor: a brute-force search replaced the FAISS
lookup that did not integrate cleanly into OpenMRS. It was an acceptable substitution in terms of

20NNX Runtime developers. ONNX Runtime. https://onnxruntime.ai/, 2021. Version: 1.14.0.
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performance, given that the index only contains 9,000 known ICD-10-CM code-description pairs.
The embedding index is loaded once at startup, from a binary file to avoid unnecessarily large
downloads for the user, and it is kept in memory for the lifetime of the module. Both predictors
return the top-k closest codes along with their description and confidence score, with a default of
k = 20 top-results.

The models in ONNX format, together with all supporting components such as the vocabulary and
the embedding index, are available in the latest GitHub release. 3 We wrote a lightweight bash
script download models to automate their retrieval and placement within a designated directory
at the project root. This approach simplifies deployment, requiring implementers only to transfer
the directory to their OpenMRS instance.

7.2.2 API layer

The central component of the module is ICDHelperService, a service interface managed by Spring
that exposes the core functionality of the module to other components of the platform. Its default
implementation, ICDHelperServiceImpl, orchestrates the two AI models, formats the returned
codes, handles concept resolution and manages persistence of selected diagnoses.

First, a small method getVisitNotes() retrieves all visit note observations associated with the
current visit in the reverse chronological order. This functionality relies on the presence of concept
162169 (“Visit note”). The function leverages the Observation service from the OpenMRS API
with the getObservationsByPersonAndConcept, thereby avoiding the need to query the database
directly.

The primary method exposed by the service is getPredictionFromNote(). It accepts a clinical
text and an analysis mode, delegates to the appropriate predictor, formats the returned codes and
resolves each one against the concept dictionary. The analysis mode determines which predictor is
called: SapBERT for highlighted excerpts, or the custom hierarchical BERT for complete notes.
The dispatch is additionally safeguarded by a length check of the provided clinical text: an input
of over 1,000 characters is automatically routed to the hierarchical BERT, even if the chosen anal-
ysis mode was ’selection’ (the 50-token truncation of SapBERT would discard most of the clinical
content).

Concept resolution is handled by getConceptByICD10Code (), which implements a two-pass lookup
strategy. The first pass searches the ICD-10-CM source for a mapping to the complete code. Matches
are prioritised by relationship type, in the order SAME-AS > BROADER-THAN > NARROWER-THAN, with
ties broken deterministically by concept ID. This order reflects a deliberate data integrity choice:
saving a concept that is broader than the predicted code is safer from an audit perspective than
choosing one that is narrower.

If no match is found, a second pass searches the ICD-10-WHO source with a progressive trunca-
tion strategy. For example, a code such as S82.001A is tried first as-is, then as $S82.001, then
$82.00, and so on down to the three-character category code. When a SAME-AS match is found
against a truncated code, the result is returned as BROADER-THAN to preserve clinical accuracy, as
the matched concept is inherently broader than the original untruncated code. During the second
pass, only SAME-AS matches are accepted, as allowing inexact matches to a truncated code would
only add imprecision.

Each prediction is encapsulated in an ICDResult object, which aggregates the original ICD-10-CM
code, its description, the confidence score given by the model, and if the resolution succeeded, the
matched OpenMRS concept with the mapping type.

When a user selects one or more predictions to be saved, the saveSelectionToEncounter ()
method records each item either as a coded or as a non-coded observation, and persists it on
the encounter parent to the visit note. This design ensures the predicted codes remain contextu-
ally bound to the specific note from which they were generated.

The predictions for which a matching OpenMRS concept was found, called coded diagnoses, are
saved as observations under concept 1284 “Coded Diagnosis” with the matched concept as the
coded answer. When the mapping is not exact (BROADER-THAN or NARROWER-THAN), the original

3https://github.com/tinyhuman-png/openmrs-module-icdhelper/releases/latest/
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ICD-10-CM code is stored along in the observation’s comment field to preserve clinical context and
traceability.

Non-coded diagnoses, for which no concept mapping exists in the local dictionary, are saved as
free-text observations under concept 161602 (“Non-Coded Diagnosis”), formatted as <code>:
<description>.

Both save operations are idempotent: before creating a new observation, the method verifies
whether an identical non-voided observation already exists under the same encounter. If one is
found, it is returned directly without creating a duplicate, making the operation safe to repeat if
a clinician saves the same suggestion twice.

7.2.3 OMOD layer

The OMOD layer contains all components specific to the web module: the page controller, the GSP
template, the Spring web application context, and the app configuration registering the module’s
extension point. The separation between the API and OMOD Maven submodules ensures that
the core service logic has no dependency on the web layer. It simplifies unit testing and would
facilitate the future development of a different frontend framework.

The user interface is exposed as a single GSP page, accessible from the patient dashboard via the
patientDashboard.visitActions extension point. The page controller, IcdHelperPageController,
handles two POST actions: predict, which invokes the prediction service and populates the re-
sults table, and save, which persists the selected results.

As shown in Fig 7.2, the visit note picker lists all visit note observations for the current visit of
the current patient in reverse chronological order. Once a note is selected, its full text is displayed
in a scrollable panel below. It remains locked in place while the clinician interacts with the tool.
The clinician can choose the analysis mode, noting that selection mode only works if some text
is highlighted. Results are presented in a table showing the ICD-10-CM codes, their description,
the matched concept names if any, along with the mapping types, and the confidence scores given
by the model. Each row has a checkbox and is entirely clickable, allowing easy selection before
saving.

Integration in the clinical workflow From the clinician’s point of view, the ICDHelper module
appears as an additional action under the current visit section of the patient dashboard, available
whenever the patient has an active visit. This placement, as displayed in Figure 7.3, was delib-
erate: we embedded the coding assistant within the existing clinical workflow rather than as a
separate administrative tool. We assumed that the clinician would likely already be on the patient
dashboard when they want to assign diagnosis codes.

The interaction follows a linear flow. The clinician opens the tool, selects the visit note they want
to analyse, chooses an analysis mode, reviews the Al suggestions, selects the relevant propositions,
and saves them to the encounter. The entire interaction takes place within a single page, with-
out navigating away from the patient context. Saved diagnoses appear immediately as standard
OpenMRS observations attached to the same encounter as the source visit note. This makes them
accessible to any module or report that reads observation data, therefore no special handling is
needed downstream.

7.3 Testing and validation

Testing was divided between a unit test suite and an end-to-end test suite. The unit tests cover
the service logic in isolation, without a running OpenMRS instance. The end-to-end tests, on
the other hand, validate the complete user-facing workflow, including the user interface and the
database persistence.

7.3.1 Unit tests

The unit test suite is built with JUnit and the Mockito framework. It ensures that the business logic
is correct without requiring a fully booted OpenMRS environment, enabling fast and deterministic
feedback during development. The tests cover all layers of the module.
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O D http://localhost:8080/openmrs/icdhelper/icdhelperpage?patientld=e39ed5b6-0bc2-45a6-8a10-936b3d7274938visitId=69cd 1b12-6ef8-47c7-8d58-a79338699f43

penMRS Q Logout

# > Emilie Gouthiére > 1CD Helper

Intelligent ICD Coding Helper (ICD-10-CM)
i= Select a visit note

06.Apr.2026, 11:46:04 - DISCHARGE SUMMARY Patient: ____ MRN: _ Admissio...
06.Apr.2026, 11:44:44 - DISCHARGE SUMMARY Patient: [Name] MRN: [MRN] Ad...

06.Apr.2026, 11:41:07 - Name: __ Unit No: __ Admission Date: __ Dischar...

Clinical note:

Name: __ Unit No: __ Admission Date: ___ Discharge Date: __ Date of Birth: __ Sex: M Service: MEDICINE Allergies: No Known
Allergies / Adverse Drug Reactions Attending: ___ Chief Complaint: Syncope Major Surgical or Invasive Procedure: none History
of Present lliness: ___year old ___ man discharged 36 hours prior with a submassive pulmonary embolism, who presents with
witnessed syncope from home. The patient was discharged on dabigatran after presenting with a large clot burden pulmonary
embolism. The patient was apparently showering with assistance of his family, when he had a witnessed 1 minute period of
unresponsiveness. The patient was not noted to have a prodrome and did not appear post-ictal. In addition the patient was not
noted with any tonic-clonic activity. The patient did not strike his head. ROS: GEN: - fevers, - Chills, - Weight Loss EYES: -
Photophobia, - Visual Changes HEENT: - Oral/Gum bleeding CARDIAC: - Chest Pain, - Palpitations, - Edema Gl: - Nausea, -

Analyze full note Predict for selection

13
Suggested codes and concepts
ICD-10-CM
Code ICD-10-CM Description Concept Name Confidence
Gastro-oesophageal reflux

K21.9 Gastro-esophageal reflux disease without esophagitis disease without oesophagitis 1.00

N40.0 Benign prostatic hyperplasia without lower urinary tract N 1.00
symptoms

F32.9 Major depressive disorder, single episode, unspecified Depression = 1.00
Epilepsy, unspecified, not intractable, without status

G40.909 p. : y G Epilepsy > 0.99
epilepticu

M81.0 Age-related osteoporosis without current pathological o e 0.99
fracture
Unspecified dementia, unspecified severity, without

F03.90 behavioral disturbance, psychotic disturbance, mood ot found In dictionary 0.99

disturbance, and anxiety

Personal history of transient ischemic attack (TIA), and

Z50:13 cerebral infarction without residual deficits sl i o

787.891 Personal history of nicotine dependence Not found in dictiona 0.98

766 Do not resuscitate lot found in dictiona 0.98

110 Essential (primary) hypertension Essential hypertension = 0.97

169354 Hemiplegia and hemiparesis following cerebral infarction  Sequelae of cerebral infarction 0.7
affecting left non-dominant side >

R55 Syncope and collapse Syncope and collapse = 0.96

125.10 At.herosclerotic heart Q\sease of native coronary artery Not foundIndietiona 0.96
without angina pectoris

¥92.009 Un.specified place in unspecified non-institutional (private) T 0.95
residence as the place of occurrence of the exygnal cause

E78.5 Hyperlipidemia, unspecified Hyperlipidemia = 0.93

Z79.01 Long term (current) use of anticoagulants Not found in dictionary 0.93

N40.1 Benign prostatic hyperplasia with lower urinary tract Nt found Infliktio 0.92
symptoms

Y92.9 Unspecified place or not applicable Not found in dictionary 0.92

195.2 Hypotension due to drugs Hypotension due to drugs = 0.91

Z79.02 Long term (current) use of antithrombotics/antiplatelets Not found in dictionary 0.91

Figure 7.2: Example use of the tool page
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Figure 7.3: Tool placement in the patient dashboard

Prediction layer. Reimplementing the HuggingFace tokeniser in Java introduced a risk of
tokenisation mismatch that would silently degrade the accuracy of the predictions. The
BertWordPieceTokenizerTests class mitigates this risk by testing the tokeniser on a controlled
vocabulary. Tests range from verifying the correct handling of edge-case characters, to asserting
that the tokenisation of example clinical notes produces token ID sequences identical to those gen-
erated by the original Python HuggingFace BertTokenizer.

In addition, a separate set of Python tests —not included in the module— was developed to verify
structural and behavioral consistency between the evaluated models and their exports in ONNX
format. The tests check that example predictions are identical before and after the export. The
Netron visualisation web tool was helpful during this process to visualise the exported ONNX
models structure and verify input and output sizes names.*

API layer. The core service logic is tested in ICDHelperServiceTest. The tests cover all
methods of ICDHelperServiceImpl: the routing of inputs to the correct predictor based on analysis
mode and text length, the full concept resolution strategy including the two-pass lookup and the
priority ordering, the correct persistence of coded and non-coded observations, the retrieval of visit
notes in reverse chronological order, and all error handling. The OpenMRS concept dictionary
is simulated using an XML dataset in memory, and the AI predictors are replaced with mock
implementations, keeping the tests focused on the service logic alone.

OMOD layer. The unit tests for the web layer validate only the page controller; the GSP tem-
plate and full UI behaviour are covered by the end-to-end suite. ICDHelperPageControllerTest
mocks both the underlying ICDHelperService and the OpenMRS context objects such as Patient
and Visit, and it simulates various GET and POST interactions. The tests verify that the con-
troller correctly dispatches recognised actions, handles unrecognised actions gracefully, and popu-
lates the PageModel with the expected attributes and error messages before handing it off to the
GSP rendering engine.

Table 7.1 summarises the coverage achieved by the unit test suite, as measured by JaCoCo.
The results reflect the deliberate scope of the unit test suite. The two core components under ac-

4Lutz Roeder. Netron: Visualizer for neural network, deep learning and machine learning models. https:
//netron.app/
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tive test (ICDHelperServiceImpl and IcdhelperPageController) achieve strong line and branch
coverage of 84% and 91% respectively. The tokeniser reaches near-complete line coverage (96%),
consistent with its role as a reimplementation that required precise behavioural validation against
the Python reference.

The low figures for HierarchicalPredictor and SapBertPredictor (around 1% line coverage)
are expected and do not represent a gap in the strategy. Their inference behaviour is validated
through the Python export tests described above, and end-to-end through the Playwright suite
running against a fully initialised module. ICDHelperActivator is similarly excluded from unit
tests as it depends on a live OpenMRS context.

The overall 57% line coverage for the API module can be somewhat misleading as summary metric.
This figure is artificially dragged down by the inclusion of classes that are intentionally excluded
from unit testing. When considering only the classes under active testing, coverage consistently
exceeds 84%.

Table 7.1: Unit test coverage by module layer, as reported by JaCoCo

Layer Class Class, % Method, % Line, % Branch, %
API module
Service impl ICDHelperServiceImpl 75 76 84 84
Tokenizer BertWordPieceTokenizer 100 100 96 86
Predictor HierarchicalPredictor 33 9 1 0
Predictor SapBertPredictor 50 8 1 0
DTO ICDSearchResult 100 91 90 100
OMOD module
Controller IcdhelperPageController 100 100 91 85
Overall (API) 61 57 57 64

7.3.2 End-to-end tests

An automated end-to-end test suite was built with Playwright and Typescript, running against
a live OpenMRS instance deployed via Docker Compose with the module pre-loaded. To ensure
test reliability and prevent state collisions between test runs, the suite adopts a strongly isolated
testing architecture.

Each test generates its own unique Patient, Visit, Encounter, and associated Obs records via
the OpenMRS REST API at setup time, ensuring complete independence from any pre-existing
database content. Once a test completes, the fixture automatically purges the generated data,
leaving the environment in a clean state for the next run. Authentication is handled once by a
global setup.ts script, which performs the OpenMRS login and stores the session cookies to a
storageState file. All subsequent tests load this state directly, bypassing the login screen and
improving execution time.

The tests cover typical workflows a clinician would follow when using the tool, such as submitting
a full note for prediction, highlighting an excerpt and submitting for selection prediction, saving
multiple suggested codes. They additionally verify that the selected note stays locked after a
prediction, that error messages are correctly displayed, and that saving is idempotent.

7.3.3 CI pipeline

The continuous integration pipeline is implemented with GitHub Actions and is triggered on every
pull request and every push to the main branch. It first builds the module and runs the unit test
suite. If this stage passes, OpenMRS is started in a Docker container with the module loaded
and the model files available. Once the server is running and ready, the end-to-end test suite is
run against it, limited to the Chromium browser so the execution time does not explode. The
two-stage structure ensures that the expensive environment setup is only attempted when the core
logic is verified.
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The module was submitted to the OpenMRS community in a state were the full CI
pipeline passes. The repository is publicly available at https://github.com/tinyhuman-png/
openmrs—module-icdhelper.

7.4 Community feedbacks

We published a module release announcement on the OpenMRS Talk forum. °. We received
feedback from several community members, including developers and implementers with direct
experience in deploying OpenMRS. We categorised the reactions into four key themes: the offline
design, the choice of coding system, the persistence model for coded diagnoses, and the user inter-
face.

Offline design The offline inference decision was consistently highlighted as the most significant
strength of the module. Respondents, including Ellen Ball from Partners In Health (whose sites
span Haiti, Sierra Leone, and other low-connectivity environments) confirmed that this property
directly addresses a real deployment constraint. A user raised the question of how model updates
would be distributed in an offline setting and whether a synchronisation mechanism was planned.
In the current implementation, updates require manually replacing the model files in the server
directory and restarting the module. A future release could introduce a startup check that notifies
administrators when updated model assets are available, following a pattern similar to how the
OpenConceptLab module handles concept dictionary updates.

ICD-10-CM versus ICD-10-WHO The most recurring technical feedback concerned the
choice of ICD-10-CM as the target coding system. Several respondents noted that ICD-10-CM
is specific to the U.S. and not widely used within the OpenMRS community, where ICD-10-WHO
is standard. Moreover, CIEL does not include ICD-10-CM mappings directly. Dr. Andrew Kan-
ter, director of the Columbia International eHealth Lab (CIEL), further added that, for OpenMRS
deployments using OCL-managed dictionaries, the recommended approach is to map clinical ob-
servations to interface concepts that carry mappings to both ICD-10 and SNOMED CT, rather
than mapping directly to ICD codes as is currently done in this implementation.

The choice of ICD-10-CM was driven by data availability: MIMIC-IV, used to train and evalu-
ate the hierarchical model, provides clinical notes mapped to ICD-10-CM codes, and there are
no comparable large-scale, openly accessible dataset mapped to ICD-10-WHO codes to our knowl-
edge. Partial adaptation is feasible, though. For the selection mode, switching from ICD-10-CM to
ICD-10-WHO would only require rebuilding the pre-computed SapBERT embedding index against
WHO codes and descriptions, without retraining the model. For the full note mode on the other
hand, a migration would require a new training dataset, which remains an open challenge. Andrew
Kanter pointed to IMOHealth as a potential source of data or research partnership, and expressed
willingness to help identify ICD-10-WHO labelled datasets. These exchanges are left as a start-
ing point for future collaboration, and the question of dataset availability is discussed further in
Section 8.3.

Observation persistence model A community member noted that coded ICD-10 diagnoses,
particularly those carrying billing-specific modifiers present in ICD-10-CM, should be stored under
the OpenMRS Visit Diagnosis construct rather than as generic coded observations. This is a
valid point that was not addressed in the current implementation, where diagnoses are saved as
observations under concept 1284. Aligning with the Visit Diagnosis model is identified as a priority
for a future release.

User interface A respondent suggested adding explicit checkboxes to the results table to make
the row selection mechanism more visible. This feedback was incorporated: the final implementa-
tion includes checkboxes on each row while keeping the entire row clickable, so that users are not
required to target the checkbox precisely to toggle their selection.

Shttps://talk.openmrs.org/t/new-icdhelper-module-released/49292 and https://talk.openmrs.org/t/
new-icdhelper-module-release/49293
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Usability survey To complement the community feedback, we designed a usability survey which
targets potential end users of the developed coding tool. The survey combined the System Usabil-
ity Scale (SUS) questionnaire [77] with questions specific to the ICD coding context, covering the
perceived usefulness of predictions, trust in Al-generated suggestions, and overall integration into
the clinical workflow. We wrote the questionnaire with LimeSurvey, a free and open-source tool
used by many prominent organisations in the FOSS community such as Ubuntu, OpenOffice, and
GNOME. It is accessible at https://egouthiere.limesurvey.net/79619771ang=en&newtest=Y.

Unfortunately, to this day, no complete responses have been collected. The absence of survey
data does not invalidate the module, but it does mean that formal usability validation remains
inconclusive. Collecting a representative sample of answers from clinicians and coders in real
deployment contexts is an important direction for future work. It would both validate the current
design and guide the development of functionalities most relevant to end users.

7.4.1 OpenMrs Virtual Showcase

We enrolled in the OpenMRS Virtual Community Showcase, which took place on April 29" and
30", Tt is a recurring online gathering aimed at providing insights into the different ongoing
projects across the OpenMRS community. We presented the ICDHelper module in a 5-minute
lightning talk, placing the ICD coding context, concisely explaining the proposed solution and
demonstrating the tool in use. It was a highly valuable exercise for us to present our work to
a live audience and receive direct feedback. The community comments were largely similar to
those gathered from the publication message on the OpenMRS Talk forum, which reinforced their
relevance. Attending the broader showcase also provided useful perspective on how OpenMRS is
being deployed and extended in practice today, and highlighted how frequently artificial intelligence
is being integrated into global health informatics projects, a trend that contextualises and motivates
the present work.
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Chapter 8

Future work

8.1 Future works on group of words to ICD codes task

The results of this first task open several directions for future work. Some of these can be pursued
directly from the current experimental setup, while others depend on the availability of a larger,
real-world evaluation dataset.

Real-world evaluation on clinical note fragments The synthetic evaluation set used in this
task was designed to approximate the lexical variability of real clinical expressions, but it remains
derived from official ICD descriptions by language models. Whether the performance gaps ob-
served between models, especially the large advantage of SapBERT over unaligned neural models
and lexical baselines on hard examples, transfer to naturalistic clinical text remains an open ques-
tion.

Such an evaluation set could be constructed from MIMIC-IV, but would require human annota-
tion since the ICD codes are associated with discharge notes at the document level. The most
rigorous method would select a set of clinical notes, then ask annotators to identify short diag-
nostic expressions (a sentence, a clause, or a noun phrase) and to pair each one with the ICD
code it most directly refers to. This is closer to named entity recognition annotation than to full
document coding, and is already less demanding than annotating which parts of a note support
each of the 14 codes assigned on average per admission. It however requires non-negligible clinical
coding expertise. Some identification time could be gained by exploiting the strict structure of
MIMIC-IV discharge note. In particular, the Discharge Diagnosis section of the note contains
short, semi-structured diagnosis phrases that could be automatically extracted. Alternatively, we
could leverage existing named entity recognition (NER) tools, such as the open source GLINER2
[78], which was tested and identified as a promising tool for this step.

Alignment training on ClinicalModernBERT The most directly motivated future direction
is to apply SapBERT-style self-alignment pretraining to ClinicalModernBERT. The results of the
first task of this thesis establish that the self-alignment objective is the decisive factor for retrieval
performance, not biomedical pretraining per se. ClinicalModernBERT already performs better
than PubMedBERT, suggesting that its architectural improvements provide a useful initialisation,
but one that is insufficient on its own. Training with a multi-similarity loss on UMLS pairs, as
done for the original SapBERT but starting from the ClinicalModernBERT encoder rather than
PubMedBERT, could yield a model that simultaneously benefits from clinical domain pretraining,
modern architecture (extended context window, updated attention mechanisms), and synonym-
aware metric learning.

Our reimplementation of SapBERT already provides the training infrastructure for this experiment,
the only modification needed is to replace the base encoder. This direction requires no additional
data beyond UMLS and can be evaluated on the existing synthetic dataset.

Addressing the Injury Poisoning attractor in lexical models The Dice-Sgrensen coef-
ficient’s systematic over-prediction of Chapter XIX was identified in the results. A simple TF-
IDF-style reweighting applied to the bigram overlap could potentially correct this bias without
abandoning the lexical approach entirely. Specifically, bigrams that appear frequently across many
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chapters would receive lower weights than more specialised terms, reducing the overlap that drives
the attractor effect.

Exploring other promising models We limited ourselves to the evaluation of four lexical base-
line methods and three distinct neural models. There exists however some more recent biomedical
entity linking models, which were not explore in this work but may be well suited for this task.
The most promising next baselines are KRISSBERT [79] and BioSyn [80], which aim to improve
robustness to paraphrases or unseen clinical wording. Another realistic extension is to replace the
pure neighbour matching with a retrieve-then-rerank design [81].

Synthetic dataset as a fine-tuning signal A more targeted use of the synthetic dataset
generated in this thesis is as a fine-tuning corpus for alignment training, given an additional
held-out test set. Each generated description variant, paired with its corresponding official ICD
description, constitutes a weak positive pair: both refer to the same code, and should therefore
be close to each other in the embedding space. Fine-tuning SapBERT on these pairs, followed by
evaluation on a real-world test set of clinical expressions, would assess whether training on LLM-
generated paraphrases improves the retrieval performance compared to alignment on UMLS pairs
alone. This approach, however, requires the realistic dataset mentioned above as a prerequisite.
If both the training and test sets were generated by the same LLMs, any observed performance
gain might reflect adaptation to the generation style rather than genuine improvement on clinical
language.

8.2 Future works on our best model : modelD _hierarchy

modelD hierarchy was designed with deployment constraints in mind, favouring architectural
simplicity over maximising raw performance. Nevertheless, several directions for improvement
remain, which could extend its capabilities by addressing the specific failure modes identified in
the results and interpretability analyses.

Retrieve and Re-rank pipeline One promising direction to improve recall@20 would be to
adopt a retrieve-and-re-rank strategy [43], with a two-stage pipeline for automatic medical coding.
In their approach, a retrieval stage first reduces the full code space to a small candidate set using
auxiliary EHR knowledge (DRG codes, CPT codes, prescribed medications) combined with BM25
lexical matching. A re-ranking stage then scores these candidates using Clinical Longformer for
document encoding, a Graphormer to model inter-code co-occurrence relationships, and contrastive
learning to align document representations with their true ICD codes in the embedding space.
We explored a lightweight variant of this idea. Our model’s top-50 or top-100 predictions were
used to define the candidate set. GLINER [82] was then applied. It is a general-purpose named
entity recognition model. It identifies text spans corresponding to arbitrary entity types from short
natural language prompts. The objective was to extract clinical entities from the discharge note
using entity types such as disease, symptom, medication, and procedure. Subsequently, a BGE
cross-encoder reranker was employed to score each candidate code by pairwise comparison between
the extracted entities and the official ICD code descriptions. The final score combined both signals
according to the following formula:: score = (1 — a)) x (BERT score) + a x (Reranker score).
Despite being conceptually well founded, this approach did not yield consistent improvements over
our modelD _hierarchy recall@20. Two primary limitations were identified. First, the entity ex-
traction performed by GLINER introduced noise, missing or mislabelling clinical concepts that
were critical for rare codes. Second, the BGE reranker was not fine tuned on ICD code descrip-
tions, limiting its ability to discriminate effectively between codes with similar clinical meaning.
A fully trained retrieve and re-rank pipeline, with domain adapted components and end-to-end
optimisation [43], remains a strong avenue for future work.

Focal loss for class imbalance Our current model uses a weighted binary cross-entropy loss
with a single scalar pos_weight applied uniformly to all positive classes at each granularity level
(5.0 for chapters, 15.0 for 3-char codes, and 30.0 for full codes). While this global upweighting
helps to emphasise positive examples, it does not differentiate between easy and hard predictions.
This limitation has been identified in the literature: easily classified negatives dominate the total
loss and overwhelm the gradient signal from rare, hard examples [83]. In our setting, around 14
codes are present per note out of 9 685, meaning thousands of confidently predicted absent codes
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collectively suppress learning on true positives.

Focal Loss addresses this by introducing a modulating factor (1 — p;)? to the standard cross-
entropy: FL(p;) = —ay(1 — py)7 log(p;) When p_t is large (easy example), the factor goes to 0 and
the loss is down-weighted. When p_t is small (hard example), the factor stays near 1 and the loss is
preserved. With v = 2, an example classified with p_t = 0.9 incurs a loss 100x lower than standard
BCE, while a hard example at p_t = 0.1 retains a scaling factor of 0.81. Unlike pos_weight, this
modulation is dynamic and naturally redirects learning capacity toward rare, misclassified codes
without requiring any architectural changes.

Extension to French clinical notes As part of this thesis, the proposed model was integrated
as a module within OpenMRS, an open-source electronic medical record system widely deployed
in low- and middle income countries. Several of these countries, including Senegal, Cote d’Ivoire,
and the Democratic Republic of Congo use French as their official language in clinical practice
1. The current model is therefore unable to serve these healthcare systems, as it was trained
exclusively on English clinical notes. Extending it to French, using biomedical language models
such as CamemBERT-bio [84] or DrBERT [85], would be a natural and high-impact next step.
The main challenge remains the lack of an annotated French clinical dataset equivalent to MIMIC,
which would need to be constructed.

Multimodal integration Combining free-text discharge notes with structured EHR data in-
cluding prescriptions, laboratory results, and vital signs has been shown to significantly improve
ICD coding performance [86]. This direction is particularly relevant to our model’s failure cases.
As shown in our interpretability analysis, critical evidence such as an insulin regimen is often
present in the medication list but ignored by the model, as the relevant chunk receives insufficient
attention weight. Encoding structured data such as prescriptions as additional binary features
alongside the textual chunks would directly address this limitation at low architectural cost.

8.3 ICDHelper module perspectives

While the current implementation of the ICDHelper module successfully demonstrates the feasi-
bility of embedding offline neural models within OpenMRS, technical evaluation and feedbacks
highlighted several constraints and opportunities for improvement. This section outlines the struc-
tural limitations of the current module and establishes a roadmap for future development.

Prediction of ICD-10-WHO codes and extension to ICD-11 As discussed in Section 7.4,
ICD-10-CM is not widely used within the OpenMRS community: ICD-10-WHO is the standard,
and CIEL does not include ICD-10-CM mappings. A more OpenMRS-native approach would be
to predict against CIEL interface concepts directly, then derive ICD-10 codes from their curated
mappings, as recommended by the OCL team. This approach would make the resolution step
more reliable and less dependent on truncation heuristics, and could even permit an extension of
the prediction tool to other standardised terminologies, as long as the mapping exists in CIEL.
Especially, following the feedback from a community member, this could help the transition to
ICD-11 that is currently ongoing without having to wait for a MIMIC dataset featuring the new
revision.

For the selection mode, the adaptation is achievable without any retraining: the pre-computed
embedding index could be rebuilt against ICD-10-WHO code descriptions or CIEL concept names
and synonyms instead of ICD-10-CM. For the full note mode, however, a migration would require
a new training dataset providing clinical notes mapped to ICD-10-WHO codes or CIEL concepts.
No openly accessible dataset comparable to MIMIC-IV currently exists for this purpose, and iden-
tifying such a dataset remains the primary obstacle.

Dependency on clinical note structure The full note model was trained on MIMIC-IV dis-
charge summaries, which follow a structured format characteristic of academic medical centres
in the United States. In practice, clinical notes vary considerably in structure, length, and style
across countries and institutions. Notes produced within the deployment context of OpenMRS
may be less structured, or written in a problem-oriented way rather than in a narrative format,
which degrades the performance of the hierarchical model.

Addressing this limitation would require either fine-tuning the model on a more diverse corpus of

1OpenMRS. Around the world. https://openmrs.org/around-the-world/, 2026. Accessed: 2026-05-15.
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clinical notes, or collecting and annotating a dataset from actual OpenMRS implementations. The
latter would be particularly valuable, as it grounds the evaluation in the real deployment context.
The usability survey, which was initiated to collect clinician feedback on prediction quality in a
live deployment, would have been a first step toward identifying where the model falls short in
practice, if it had reached its audience better.

Visit Diagnosis persistence model In the current implementation, selected diagnoses are
saved as standard OpenMRS observations under concept 1284 (“Coded Diagnosis”) and concept
161602 (“Non-Coded Diagnosis”). As raised during community feedback, coded ICD-10 diagnoses
should more properly be stored using the Visit Diagnosis construct provided by the emrapi
module. This is the standardised persistence model for diagnoses in OpenMRS, which is recognised
by downstream modules such as the billing module. The emrapi module is already a dependency of
our module through coreapps, so this migration would not introduce new dependencies. It would
nonetheless require refactoring the persistence logic in ICDHelperServiceImpl and updating the
UT to reflect the distinction between primary and secondary diagnoses, which the Visit Diagnosis
model supports explicitly.

Integration into the OpenMRS billing ecosystem A natural downstream application of
structured ICD-10 diagnosis persistence is integration with the OpenMRS billing module. If the
ICDHelper module stored diagnoses using the Visit Diagnosis model described above, they could be
fed directly into the billing pipeline without manual re-entry. This integration would significantly
increase the practical utility of the module in settings where ICD coding is driven by billing
requirements rather than purely clinical documentation needs.

Explainability in the user interface The current interface presents prediction results as a
ranked list of codes with confidence scores. However, it provides no information about why a
particular code was suggested. For a clinical coding assistant, explainability is essential both for
building trust in the tool and for enabling clinicians to make informed decisions when selecting
among the suggested codes. The attention weights of the hierarchical model computed at prediction
time, already explored in Section 6.2.7, can be used for this purpose. We could surface these weights
directly in the user interface, for instance by highlighting with different degrees of opacity the text
chunks that influenced the most each prediction.

Automated model update mechanism In the current design, updating the AI models is
a manual step that could easily be missed in production deployments. A future release could
introduce a startup check that compares the locally installed models version against the latest
available release, and notifies the administrator when an update is available, following a pattern
similar to how the OpenConceptLab module handles concept dictionary updates. This would be
particularly interesting for the SapBERT embedding index, which can be updated whenever the
ICD-10-CM code list changes.

Platform evolution The target version for the module implementation is the OpenMRS Refer-
ence Application 2.12.0, which bundles the core platform with a set of standard modules providing
patient registration, visit management, encounter recording, and a clinical dashboard. Although
OpenMRS 3 (03) represents the current development direction of the platform, it was not selected
as the target version for several reasons. First, version 2 is still deployed in production environ-
ments. Second, a stable Docker image of v2.12.0 was readily available for development and testing.
Third, the GSP/UI Framework allowed us to develop the full module in a single Java-based stack
without introducing a separate frontend build pipeline. Migration to O3, which would primarily
involve rewriting the frontend layer as a React-based microfrontend, is left as a natural direction
for future work. Given that O3 is increasingly adopted, this transition represents a priority fro
ensuring the long-term relevance of the module within the OpenMRS ecosystem.
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Chapter 9

Conclusion

Clinical coding translates the raw complexity of patient encounters into standardised diagnostic
codes. It constitutes a critical step for billing, epidemiological surveillance, and interoperability,
yet it remains a predominantly manual process in many healthcare systems worldwide. This pro-
cess is time-consuming, costly, and susceptible to inconsistency. This thesis aims to bridge the gap
between the research literature on automated ICD coding and to develop a tool capable of sup-
porting clinicians in real-world practice. The goal is not to replace the medical coder, but rather
to assist them by surfacing relevant code candidates and reducing the burden of manual search.

This objective was addressed along two complementary axes. The first concerns the machine learn-
ing models themselves. We built and evaluated a complete pipeline for the short excerpt coding
task, comparing four lexical baselines against four neural models on a synthetic evaluation dataset
of 2,567 examples which was both generated and validated as part of this work. The results estab-
lished clearly that self-alignment pretraining constitutes the decisive factor, with original SapBERT
achieving a MRR of 0.477 compared to 0.373 for the best lexical baseline and 0.181 for unaligned
PubMedBERT.

For the full note coding task, we developed a progressive sequence of models on MIMIC-1V, culmi-
nating in modelD_hierarchy. It is a single multi-task PubMedBERT encoder that jointly predicts
ICD-10-CM codes at three granularity levels simultaneously (chapter, 3-character, and full code).
It uses a residual bridge mechanism that lets frequent parent codes regularise the prediction of
rare children. Our hierarchical model produced the largest gains precisely where they matter
most. modelD _hierarchy achieves macro F1 = 0.068 (+74% vs. TF-IDF baseline) and recall@50
= 0.700, meaning the model recovers 70% of all true codes within its top 50 predictions. The
interpretability analysis confirmed that the model understands the right clinical vocabulary. The
observed failures are not primarily attributable to the recognition of relevant terms, but instead
from where the model looks in the note and the confidence with which it scores its findings.

The second axis was deployment. Both models were integrated into ICDHelper, an OpenMRS
module that runs offline within the JVM using ONNX Runtime, with no external API call at
inference time. The module resolves Al-predicted codes against the local CIEL dictionary, saves
selected diagnoses as structured observations on the patient’s encounter, and integrates seamlessly
into the existing clinical dashboard without disrupting clinicians’ workflow. ICDHelper has been
released under the Mozilla Public License, submitted to the OpenMRS community, and already
reviewed by implementers, including Partners in Health and the director of the CIEL dictionary.

Three open questions define the most important directions for future work. The first is the coding
system gap. The models were trained on ICD-10-CM because MIMIC-1V is the only large-scale
openly accessible dataset with discharge notes mapped to diagnostic codes, but ICD-10-WHO is
the standard within the OpenMRS community. For the selection mode, adapting to ICD-10-WHO
requires only rebuilding the embedding index; for the full note mode however, it requires a new
training dataset that does not yet exist openly.

The second direction is clinical validation. While the module has been built and released, its
predictive performance and integration within the OpenMRS platform remain to be evaluated in
a real deployment context. The usability survey we designed did not reach its audience in time.
These two gaps represent clear and transparent boundaries of the present work, delineating where
our contributions conclude and where subsequent efforts must begin.

A third direction concerns model performance itself. Despite the gains brought by hierarchical
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training, the full note coding task remains far from solved. The model recovers 70% of true codes
within its top 50 predictions. While this is promising for a coding assistance workflow, reviewing
50 candidates per note is a substantial cognitive burden on clinicians. The interpretability anal-
ysis identifies two concrete directions for improvement. First, better attention allocation, so the
model focuses on clinically relevant chunks rather than irrelevant ones. Second, better confidence
calibration for rare codes, so that correctly ranked candidates are actually predicted. Addressing
both would enable the model to produce fewer, more precise candidates, thereby reducing user
burden and advancing practical deployment of the tool.

This thesis demonstrates that ICD coding assistance does not inherently require cloud infrastruc-
ture, external APIs, or a dedicated Python environment. A well-designed Java module, operating
on the same server as the EHR, can deliver competitive predictions, resolve them against a struc-
tured clinical vocabulary, and persist them as part of the standard patient record. Whether this is
sufficient to meet the practical needs of medical coders remains an open question. Nevertheless, the
tool has been developed, made openly available, and the community has already started showing
interest.
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Appendix A

Lyra

This appendix provides a concise guide for people who wish to run experiments on the Lyra cluster.
The full CECI documentation' should be consulted for any advanced usage.

A.1 Connecting to the cluster

Lyra is accessed via SSH to lyra.ulb.be on port 22. A CECI account is required and can be
created at the CECI support portal. Authentification uses your CECI passphrase and an SSH key
file, which is generated during account creation and must be configured on your local machine.
The full connection setup procedure is described in the CECI documentation.

Once connected, you land on a login node. No computation should be run there. It is only used
to prepare scripts, manage files, and submit jobs.

A.2 DManaging storage

Storage is split into three distinct areas, each with a different purpose and quota.
First, he home directory has a quota of 100 GB. It should contain only code, configuration files,
and small outputs.

For large files such as datasets or model checkpoints, the global scratch space should be used
instead, with a quota of 5 TB per user. This high-performance disk is shared between all compute
nodes. A personal directory can be created there:

mkdir -p $GLOBALSCRATCH/ndevlees_data

To access it conveniently from the home directory, a symbolic link can be created:

In -s $GLOBALSCRATCH/ndevlees_data ~/data_scratch

Finally, the local scratch is a temporary directory local to the compute node, defined dynamically
during a job. It is useful for very fast I/O operations during training, but its content is lost when
the job ends.

To transfer files to and from the clusters, the recommended command is scp. For instance to load
a file:

scp path/to/file/on/local/computer ceci_username@cluster_name:destination/path/on/
cluster

A.3 Setting up a Python environment

It is strongly recommended to use a virtual environment to isolate dependencies from the system
modules and ensure reproducibility across runs. On CECI clusters, Python is not available by
default but is provided through the module system. The module purge command clears any
previously loaded modules, and module load loads a specific version. This ensures a clean and

LCECI Consortium. Documentation and User Guide for High-Performance Computing resources. https://
support.ceci-hpc.be/doc/, 2026. Accessed: 2026-03-28. The CECI is funded by the F.R.S.-FNRS and the Walloon
Region.
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reproducible software environment.
The virtual environment is created once on the login node:

module purge

module load Python/3.11.3-GCCcore-12.3.0
python -m venv ~/.venv

source ~/.venv/bin/activate

5 pip install torch transformers accelerate peft sentence-transformers

Once created, the virtual environment must be activated in every Slurm job script before
running any Python code, as shown in the example below.

A.4 Submitting jobs with Slurm

Lyra uses Slurm as its job scheduler. Rather than running programs directly, users submit batch
scripts. The scripts describe the requested resources and the commands to execute. Slurm queues
the job and dispatches it to a compute node when the requested resources become available. Jobs
are submitted with:

sbatch my_script.sh

Anatomy of a job script

A job script is a Bash script where lines prefixed with #SBATCH are interpreted by Slurm as resource
directives. These directives must appear at the top of the file, before any executable command.
The following script was used throughout this thesis:

#!/bin/bash

#SBATCH --job-name=ModernBERT_train
#SBATCH --output=logs_%j_%x.txt
#SBATCH --error=errors_%j_hx.txt
#SBATCH --partition=batch

#SBATCH --ntasks=1

#SBATCH --cpus-per-task=8

#SBATCH --mem=80G

#SBATCH --time=2-00:00:00

#SBATCH --gpus=1

module purge

module load Python/3.11.3-GCCcore-12.3.0
source ~/.venv/bin/activate

export JOB_DIR="/data_scratch/job_$SLURM_JOB_ID
mkdir -p $JOB_DIR

cd ~“/modelC
srun python -u train_modelC_cls.py --output_dir $JOB_DIR

FINAL_DESTINATION="/modelC/results_$SLURM_JOB_ID
mkdir -p $FINAL_DESTINATION

, cp $JOB_DIR/* $FINAL_DESTINATION/

rm -rf $JOB_DIR

Each directive controls a specific aspect of the job:
e —-job-name sets a human readable label for the job, visible in squeue output.

e ——output and --error redirect standard output and standard error to separate log files.
The %j placeholder is replaced by the Slurm job ID and %x by the job name, making it easy
to trace logs back to a specific run.

e —-partition=batch selects the partition on Lyra where GPU nodes are available. The
default partition (debug) has a 30 minute time limit and is not suitable for training runs.

e ——ntasks=1 declares that the job consists of a single process. This is appropriate for single
GPU Python training scripts.

e ——cpus-per-task=8 allocates 8 CPU cores to that process, which are used by PyTorch’s
data loaders (num_workers).

e —-mem=80G sets the total RAM allocated to the job. The job is killed if it exceeds this limit.
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e ——time=2-00:00:00 sets the maximum wall clock duration in D-HH:MM:SS format. The job
is automatically terminated if it runs longer.

e ——gpus=1 requests one GPU. This is the syntax recommended for Lyra; the GPU is allocated
exclusively to the job.

The srun command at the end launches the actual process inside the allocated resources. Although
it can be omitted for single step jobs, using it is recommended as it enables more accurate resource
reporting and proper signal handling.

As recommended by the CECI documentation, the files generated by our batch job are stored
inside the globalscratch. The directory is cleaned once the job finishes, and all files are transferred
back to the home file system. If our script needed large input files, we would also place them under
globalscratch directory.

Monitoring and cancelling jobs
Once submitted, the job ID is returned immediately. Jobs can be monitored with:
sSqueue --me

A job in the PD (pending) state is waiting for resources; R means it is running. The reason column
explains why a pending job has not started yet (e.g., Resources means insufficient resources are
currently free, Priority means higher-priority jobs are ahead in the queue). To cancel a job:

scancel <job_id>

Checking available resources

Before submitting a job, the sinfo command gives an overview of available partitions and node
states.
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Appendix B

Hyperparameters of our models
for the full note task

Model LR Stride Max Chunks Batch Size Epochs pos_weight
TF-IDF? — — — — — —
ModelB_mean 4.87e-5 256 16 8 —
ModelC_cls 2e-5 256 12 6 5 —
ModelC_allword 1.14e-5 384 12 4 5

ModelC_cls_langchain 2e-5 256 12 6 5 —
ModelC_ModernBERT 1.61e-5 256 12 2 5 —
ModelD_masking 256 12 4 5

ModelD_hierarchy BERT: 5e-6 / heads: 2e-4 256 12 4 10 chap:5, cat3:15, full:30

Table B.1: Hyperparameters used for all trained models. TModelD _hierarchy uses a weighted multi-
task loss: £ = 0.3 Lehap + 0.5 Lears + 1.0 Lo ITF-IDF hyperparameters: ngram_range=(1,3),
max_features=20,000, C=9.97 (logistic regression, optimised via cross-validation).
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Appendix C

Additional plots regarding the
short excerpts task

Model performance by data source & difficulty
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Figure C.1: Performance by source LLM and difficulty level. Results are broadly consistent across
Llama 3 and BioMistral for a given level of difficulty, confirming that the choice of generation
model does not systematically bias evaluation outcomes.
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Hard subset analysis: Exact match vs. Clinical context recovery (k=1, 5)
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Figure C.2: Near-miss analysis on the hard subset at chapter and category levels for k=1 and
k=5. Each point represents a model. Points above the diagonal indicate models that recover
on average the correct broader concept even when the exact code is missed, revealing partial
understanding. Precision@k takes into account the proportion of correct chapter of category among
the k candidates. It penalises models return candidates from many different chapters or categories
in order to recover the correct one.
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Chapter-level confusion matrix: Levenshtein Distance
(Hard subset only: Top-5 predictions)
Iinfectious 353 7 8 16 7 6 14 17 7 23 31 52 35 31 53 16 12 24 24 7 17
Il Neoplasms 55 296 10 17 16 1 22 68 3 15 41 32 52 35 141 33 8 26 29 15 55
Il Blood Immune 77 27 187 51 20 28 29 23 8 12 31 8 30 14 55 14 10 13 16 4 13
IV Endocrine Metabolic 18 2 17 272 6 10 15 94 7 2 6 3 24 3 17 5 7 2 9 4 7
IX Circulatory 62 15 18 32 256 10 34 63 28 12 43 17 80 46 60 31 13 29 28 13 20
V Mental Behavioural 29 10 9 12 5 23 34 10 5 28 12 21 16 50 9 5 12 31 11 16
ViNervous 36 9 9 22 23 49 160 59 5 12 12 5 21 25 68 9 15 38 19 22 2
ViEye 35 3 4 6 11 0 3 276 5 6 25 7 29 16 29 10 2 13 4 5 11
VilEar 80 17 6 18 38 32 23 136279 10 42 16 48 25 84 22 9 18 17 16 14
XRespiratory 52 11 4 14 25 3 7 35 5 70 18 1 31 17 76 16 12 8 8 21 6
XIDigestive 58 13 10 31 8 13 37 49 6 7 145 16 27 33 56 7
Xliskin 59 14 1 9 11 20 12 97 13 6 66 83 23 98 11
7 14 18 22 25 35 4 12 19 E- 22 138 5
XIV Genitourinary 67 22 8 20 23 28 15 59 20 39 12 37 186 56 15 15 23 17 5
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Figure C.3: Chapter-level confusion matrix for Levenshtein distance on the hard subset (Top-5
predictions). The matrix reveals a tendency to confuse clinically adjacent chapters, and chapters
with overlapping terms descriptions. The misclassification into Chapter XIX (Injury, Poisoning,
etc.) is most visible Chapter XX (External causes), Chapter II (Neoplasms), and Chapter XIII
(Musculoskeletal). The method makes many errors in predictions for Chapter X (Respiratory).

Chapter-level confusion matrix: T-LCS
(Hard subset only: Top-5 predictions)

I Infectious (341 4 5 12 9 3 13 19 7 16 31 48 42 30 60 15 19 26 29 8 22 800
Il Neoplasms 47 330 6 14 35 3 27 55 6 13 23 31 62 29 143 26 9 31 32 10 38
Il Blood Immune 47 23 204 42 16 26 12 20 6 18 37 9 46 13 69 15 8 14 18 8 19

IV Endocrine Metabolic 20 3 18 286 8 5 18 75 6 1 6 3 25 5 12 10 8 6 9 2 4 700
IX Circulatory 47 6 24 17 306 7 43 58 34 13 44 8 58 44 62 42 6 32 26 14 19

V Mental Behavioural 31 9 I3 24 38 6 4 25 21 17 18 42 12 3 7 39 19 19 600
VI Nervous 41 2 20 17 41 176 62 7 14 14 7 28 33 54 6 11 28 18 32 3
VilEye 22 0 5 14 0 3 287 7 6 20 4 28 17 41 11 0 14 4 5 9
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0

0
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3 0
VilEar 72 10 4 17 39 28 21 1401296 11 43 20 48 28 93 17 9 12 16 15 11 0 s00
5 XRespiratory 41 9 3 20 23 3 13 36 6 84 22 3 23 16 70 12 9 11 7 25 0 %
z,% X Digestive 47 8 9 32 6 15 31 54 10 13 159 18 27 30 43 6 15 22 14 6 15 0 8
9 Xiskn 45 9 3 3 17 21 11 73 9 3 57@&24 64 5 6 16 13 25 18 1 aoog
£ Xill Musculoskeletal 16 3 5 13 10 12 18 31 5 11 30 10 24143 9 2 2 7 5 8 0 g
XIV Genitourinary 38 19 6 22 21 21 11 56 23 6 43 12 37 205 67 30 5 12 22 19 5 O -3ou§

XIX Injury, Poisoning, etc. 14 3 1 6 21 14 8 12 2 2 18 5 94 9o FFW s 4 7 9 6 23 0

XV Pregnancy Childbith 35 1 2 6 20 58 24 69 7 10 35 12 36 3445 49 16 27 60 O

XViPerinatal 17 1 3 43 19 16 30 27 1 1 13 16 13 3 60 17 284 14 26 10 36 0 ~200
XVil Congenital 8 14 2 42 6 5 20 41 6 0 22 3 27 31 47 22 12 140 19 15 8 0
XVIIl Symptoms Abnormal Findings 37 17 9 20 23 14 15 32 6 24 7 14 35 39 54 18 16 34 153 17 26 0
XX External Causes 15 5 6 13 8 18 5 20 9 7 16 9 38 7 200 7 17 4 1418 0 - 100
XXI Health Status Contact 41 12 7 9 29 34 25 38 7 35 34 16 67 40 90 27 17 40 24 9 109 0
XXIl Special Purposes 50 1 1 13 16 11 15 8 11 14 14 0 9 12 4 1 4 11 6 8 4 7 .
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Figure C.4: Chapter-level confusion matrix for T-LCS on the hard subset (Top-5 predictions).
Confusion patterns are broadly similar to those of Levenshtein distance, reflecting the shared
lexical nature of both baselines.
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Chapter-level confusion matrix: W-LCS
(Hard subset only: Top-5 predictions)

IInfectious 253 16 4 16 20 8 13 15 13 18 20 26 45 17 137 27 12 16 18 41 24 1

IINeoplasms 6 262 7 24 51 2 20 34 2 10 12 14 58 13 298 43 8 3 17 38 48 0

Il Blood Immune 27 19 197 40 28 23 20 21 5 5 18 15 33 10 117 32 7 6 20 13 14 O

IV Endocrine Metabolic 12 1 21 298 11 13 19 54 1 3 3 5 17 0 37 9 7 4 5 2 8 0 800

IX Circulatory 24 0 4 19358 9 24 23 32 7 28 10 27 19 186 30 4 7 15 65 19 O

V Mental Behavioural 10 10 2 9 13 - 49 19 17 2 13 19 14 9 11023 3 3 25 72 21 O

VINervous 12 3 5 20 22 55 156 37 23 3 6 14 25 6 101 22 4 20 24 55 0

VilEye 6 4 1 9 7 3 9 22711 3 14 2 18 12 76 24 1 5 5 57 6 O
VilEar 30 16 6 20 78 26 13 72 229 15 23 24 59 34 173 50 11 1 19 42 9 O 600 g
ol X Respiratory 24 2 4 39 8 8 2 17 1 70 8 1 19 18 109 45 11 5 11 31 7 O %
jg Xl Digestive 19 3 4 17 30 13 15 30 6 6 142 4 44 24 98 14 10 17 16 46 22 O E
3 Xl Skin 23 15 7 1 24 23 7 32 15 8 23418 60 6 182 12 5 11 11 54 23 O ;
g XIll Musculoskeletal 7 0 8 33 15 14 8 35 1 13 8 10366 11 172 7 4 3 15 40 10 O 400 §
XIV Genitourinary 20 5 2 23 19 17 8 31 10 8 30 8 38 156149 56 2 13 24 47 14 0 E)-
XIX Injury, Poisoning, etc. 3 0 3 1221 3 1 6 1 1 6 0 84 3 [EWA16 3 2 7 34 7 0 -

XV Pregnancy Childbith 6 2 6 21 21 49 18 20 9 10 20 12 37 14 E- 23 16 23 94 24 0

XVlPerinatal 9 6 2 22 23 11 19 18 1 4 8 6 9 4 131 31 237 14 12 49 34 0

XVIl Congenital 12 9 5 20 1 8 16 18 1 0 15 3 10 27 153 25 8 99 6 45 9 O =200

XVIIl Symptoms Abnormal Findings 18 9 3 31 12 22 12 14 3 24 8 3 28 35 159 49 4 21 106 37 12 O

XX External Causes 5 1 0 3 8 3 0 22 2 1 5 4 19 2 210 0 2 1 5 3 0

XXl Health Status Contact 23 9 1 16 37 31 8 8 6 9 15 17 54 7 214 36 8 22 17 60 112 0

XXII Special Purposes 20 2 0 9 26 12 15 5 5 4 11 0 8 8 28 1 1 7 1 37 15 5 o
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Figure C.5: Chapter-level confusion matrix for W-LCS on the hard subset (Top-5 predictions).
This method has the strongest attraction to Chapter XIX (Injury, Poisoning, etc.): most chapters
misclassifies more than 100 examples, sometimes 150-200, into Chapter XIX.

Chapter-level confusion matrix: PubMedBERT
(Hard subset only: Top-5 predictions)

I Infectious 420 9 5 11 2 2 7 13 3 25 9 30 68 19 76 6 13 6 12 18 5 1 1200
Il Neoplasms 19 @ 8 4 8 1 18 43 3 11 13 14 87 12 91 7 1 13 11 8 14 0
Il Blood Immune 47 10 167 38 23 15 20 12 7 23 41 29 45 25 80 9 11 15 20 15 18 O
IV Endocrine Metabolic 13 1 9 303 9 4 14 85 0 3 1 6 24 4 19 1 5 10 13 3 2 1 1000
IX Circulatory 8 0 5 3 483 13 35 17 4 16 13 14 35 9 153 5 5 20 27 15 19 1
V Mental Behavioural 12 7 5 18 0 - 28 11 1 8 11 38 15 4 51 8 7 1 22 46 14 2
VI Nervous 13 2 3 14 48 31 236 26 11 13 9 7 36 6 52 3 37 34 30 4 4 1
VilEye 33 7 2 17 1 3 3 297 7 2 5 23 15 14 45 1 2 9 4 10 0 0 800
VilEar 38 0 4 7 20 6 29 112336 56 16 63 51 15 134 2 4 23 15 14 5 O g
Q X Respiratory 35 17 5 2 8 5 8 18 8 90 24 20 22 17 101 2 11 10 14 19 4 0 %
E Xl Digestive 29 4 10 13 18 10 6 16 3 30 225 25 40 34 54 1 7 31 7 11 6 0 E
f‘ Xl Skin 38 1 4 32 13 8 1 25 5 14 38 400125 18 180 3 3 3 14 29 5 1 600 %
|‘_:' XIIl Musculoskeletal 21 5 2 33 15 3 13 8 3 3 5 24 448 7 165 5 6 2 5 2 5 0 é
XIV Genitourinary 40 2 1 17 7 3 5 19 6 12 30 27 30 301 56 40 9 21 27 11 16 O g
XIX Injury, Poisoning, etc. 3 0 1 0 4 0 1 4 2 3 11 8 96 2 0 3 17 2 24 2 0 - 400 -
XV Pregnancy Childbirth 11 1 3 14 6 44 26 11 5 10 18 9 30 26 @-132 30 15 42 43 0
XVI Perinatal 11 0 7 23 12 4 13 8 7 6 12 1 5 7 45 88 327 13 20 26 14 1
XVIl Congenital 4 12 2 3 0 1 1 53 4 0 8 12 46 45 29 24 46 172 8 1 19 0
XVIII Symptoms Abnormal Findings 6 12 16 24 15 12 53 23 5 7 6 4 46 19 114 10 9 28 185 8 7 1 =200
XX External Causes 0 0o 0 o0 2 0 0 0 o0 O 1 2 0 36 1 0 0 O 1wz 2 0
XXI Health Status Contact 44 8 0 8 3 48 6 2 1 6 17 20 28 12 185 33 7 49 12 31 189 1
XXII Special Purposes 49 1 1 8 7 16 8 6 3 21 6 5 11 5 25 1 3 3 4 31 3 3 o
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Figure C.6: Chapter-level confusion matrix for PubMedBERT on the hard subset (Top-5 predic-
tions). Compared to lexical baselines, PubMedBERT has a stronger diagonal.
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Chapter-level confusion matrix: ClinicalModernBERT
(Hard subset only: Top-5 predictions)

Iinfectious 457 9 6 5 3 1 12 13 1 25 14 50 38 8 40 13 5 9 18 19 14 O
Il Neoplasms 39 8 15 4 1 7 15 5 9 35 9 65 82 41 2 4 19 18 1 34 0 1000
Il Blood Immune 31 12 256 48 35 22 18 8 1 5 27 8 17 7 83 15 17 7 23 3 27 0
IV Endocrine Metabolic 13 0 26 313 5 12 7 68 0 3 4 5 26 5 1 6 11 6 13 1 3 2
IX Circulatory 13 2 10 13 25 36 22 4 10 28 12 48 20 91 17 5 12 26 4 22 1
V Mental Behavioural 12 1 1 14 E@ 21 3 4 1 1 8 15 5 64 5 11 8 40 68 23 O 800
ViNervous 10 2 8 19 32 26 219 34 16 13 3 10 36 10 61 10 12 48 29 6 16 O
VIiEye 39 0 1 3 4 0 7 302 8 1 11 13 18 17 35 10 2 9 1 3 16 O
VilEar 51 3 7 24 13 13 43 100284 26 29 39 81 45 83 17 3 19 40 27 3 O g
g X Respiratory 39 20 1 21 8 3 10 15 21 71 23 7 21 20 87 13 3 6 11 22 18 O 600 §
K] Xl Digestive 13 7 9 17 12 13 10 29 3 24 192 16 35 53 37 8 4 28 48 12 10 0 °
z Xllskin 45 2 3 11 10 8 14 51 3 12 73 345116 39 106 12 4 20 57 26 3 O ;
E XIll Musculoskeletal 16 1 5 4 17 1 8 8 1 1 4 19 - 3 150 6 5 9 15 18 2 O E
XIV Genitourinary 26 2 4 29 9 6 4 31 8 11 33 6 2323263 61 4 35 51 7 34 1 g
XIX Injury. Poisoning, etc. 1 0 0 4 2 7 6 7 1 3 4 4 116 2 [ 0 1 16 7 30 14 0 400 <
XV Pregnancy Childbirth 5 0 9 30 26 28 28 11 0 5 20 12 18 47 71 31 26 23 71 2
XVlPerinatal 21 0 13 40 16 8 18 8 2 4 8 0 5 4 27 83277 19 32 27 37 1
XVIl Congenital 3 10 2 21 8 6 9 51 9 0 15 5 51 32 56 14 23 134 13 15 13 O
XVIII Symptoms Abnormal Findings 11 3 8 6 20 25 26 41 8 20 11 7 20 21 73 25 18 10 190 29 38 O 200
XX ExternalCauses 1 O 1 1 1 11 3 11 0 O 1 3 12 1 61 2 5 3 27 1 0o
XXl Health Status Contact 41 0 2 10 2 24 12 5 1 9 19 5 53 23 111 19 17 36 27 69 225 O
XXIl Special Purposes 35 2 4 9 5 12 12 1 0 26 3 3 10 3 6 11 3 1 6 17 17 34 o
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Figure C.7: Chapter-level confusion matrix for Clinical ModernBERT on the hard subset (Top-5
predictions). The results are very similar to those of PubMedBERT. However, Clinical Modern-
BERT displays a weakest attraction to Chapter XIX (Injury, Poisoning, etc.)

Chapter-level confusion matrix: Reimplemented SapBERT
(Hard subset only: Top-5 predictions)

I Infectious 006 3 1 13 4 1 14 13 29 36 6 12 13 14 7 5 5 10 0
Il Neoplasms ’W 2 6 3 012 6 5 10 7 0 57 8 8 1 0 21 1 0 8 0
WBloodimmune 9 5 420 9 12 3 7 1 0 1 7 16 15 3 115 8 8 5 15 2 8 0
IV Endocrine Metabolic 0 2 11382 2 2 10 57 0 9 2 4 11 1 9 5 14 1 3 2 3 0 1000
X Circulatory 1 1 4 1 125 16 0 0 6 2 11 1 75 34 2 19 9 2 4 0
VMental Behavioural 9 5 1 8 1 18 5 0 2 2 5 1 10 18 6 9 36 19 3 0
ViNervous 8 1 2 1 20 1640413 2 1 3 3 13 0 43 1 16 27 39 3 4 0
ViE))e 6 2 0 0O 5 0 210440 2 o 2 1 2 0 29 2 0 1 3 1 o0 800
VilEar 4 5 0 1 2 0 4 266 2 2 20 1 40 0 0 6 1 0 0 0 g
3 XRespiratory 34 13 0 0 11 3 4 2 16197 8 14 7 2 68 8 8 18 11 6 10 0 %
g XiDigestve 12 3 2 8 1 6 1 7 4 0 40410 45 21 9 1 6 14 20 0 6 O 00 s
o Xiskn 26 3 0 2 6 4 1 18 7 4 2917 78 4 1 2 10 4 0 0 %
= Xil Musculoskeletal 0 0 0 0 0 0 0 0 0 0 1 oo 74 0 0 3 2 0 2 0 8
XV Genitourinary 4 41 8 17 1 2 2 23 2 1 0 3 1142320 51 6 18 28 0 19 0 g
XIX Injury, Poisoning,etc. 0 0 0 0 1 0 0 0 0 0 1 0 50 OFfHo 0o 14 0 4 4 0 L j00
XV Pregnancy Childbith 1 3 0 1 7 54 26 2 0 2 7 2 24 4070 34 33 1 46 0
XViPermatal 2 0 0 8 12 0 7 7 0 1 1 2 0 0 36 46478 8 12 13 17 0
XVl Congenital 1 18 0 2 0 0 13 46 0 0 5 1 42 76 11 9 7 241 8 0 10 0
XVl Symptoms Abnormal Findings 4 11 3 11 9 27 32 18 2 20 0 0 10 23 92 2 8 19 299 2 18 0 -200
XX ExternalCausess 0 0 0 0 1 0 1 0 0 1 0 0 1 0 5 0 0 0 0 0 o
XX Health Status Contact 42 22 0 1 2 56 22 0 0 12 10 13 23 9 106 26 4 78 4 3 277 0
XXl Special Purposes 31 0 1 0 14 20 4 0 0 33 1 0 3 0 20 2 3 0 0 3 37 48 .
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Figure C.8: Chapter-level confusion matrix for reimplemented SapBERT on the hard subset (Top-5
predictions). The diagonal is markedly stronger than all other models in this appendix, consistent
with its leading MRR score and the previous analysis of original SapBERT. Residual confusion
is concentrated in clinically ambiguous chapters. Examples from Chapters X (Respiratory) and
Chapter XVII (Congenital) are still the most challenging.
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Appendix D

Results of our models on our
dataset for the full note task

Table D.1: Our models results — full task ( Full ICD codes)

Model Micro-F1 Macro-F1 R@5 R@10 R@15 R@20 R@50 P@5 PQ10 PQ@20
TF-IDF 0.4564 0.0394 0.2634  0.3922  0.4711 0.5242  0.6748  0.6425  0.5069  0.3553
ModelB_mean_optuna 0.4290 0.0238 0.2514  0.3679  0.4402 0.4899  0.6400  0.6214  0.4791  0.3323
ModelGRU — — — — — — — — — —
ModelC_cls_allword_optuna 0.0000 0.0000 0.0641  0.0992 0.1435 0.2181  0.1774  0.1391
ModelC_cls_attention 0.4334 0.0313 0.2633  0.3904 — 0.5187  0.6665  0.6343  0.4968 —
ModelC_cls_langchain 0.3793 0.0137 0.2242  0.3288 0.4435  0.5941  0.5576  0.4276
ModelC_cls_.modernbert_optuna 0.4452 0.0415 0.2663  0.3977  0.4752  0.5269  0.6683  0.6440  0.5085  0.3528
ModelD_masking 0.4462 0.0332 — 0.4009 — 0.5327  0.6682  0.6425  0.5073 —
ModelD_hierarchy 0.4285 0.0677 0.2598 0.3942 — 0.5386 0.6999 0.6145 0.4923 —
Table D.2: Our models results — Schar task ( First 3 characters of the ICD code)
Model Micro-F1 Macro-F1 R@5 R@10 R@15 R@20 R@50 P@5 PQ10 PQ@20
TF-IDF 0.5928 0.1933 0.3465  0.5253  0.6295 0.6980  0.8574  0.7740  0.6299  0.4439
ModelB_mean_optuna 0.5777 0.1286 0.3452  0.5211 0.6212 0.6836  0.8329  0.7779  0.6295 0.4365
ModelGRU 0.5440 0.0752 0.3469  0.5206 0.6170  0.6766  0.8228  0.7804  0.6278  0.4301
ModelC_cls_allword_optuna 0.6814 0.2759 0.3837  0.5952 — 0.7812  0.9080  0.8441  0.7095 —
ModelC_cls_attention 0.6349 0.2084 0.3680  0.5657 — 0.7371  0.8696  0.8108  0.6742 —
ModelC_cls_langchain 0.5918 0.1372 0.3522  0.5349 — 0.6949  0.8379  0.7865  0.6410 —
ModelC_cls_-modernbert_optuna 0.6289 0.2209 0.3568  0.5458  0.6526  0.7155  0.8533  0.7883  0.6500  0.4535
ModelD_masking 0.6358 0.2080 0.5666 0.7364  0.8622  0.8115  0.6749
ModelD_hierarchy 0.5838 0.2407 0.3420 0.5301 — 0.7091 0.8634 0.7507 0.6248 —
Table D.3: Our models results — chapters task ( ICD chapters)
Model Micro-F1 Macro-F1 R@5 R@10 R@15 R@20 Pas P@8 P@l10 P@20
TF-IDF 0.8166 0.6606 0.6453  0.9086 0.9891 0.9998 0.8548 0.7274 0.6472  0.3657
ModelB_mean_optuna 0.8411 0.7077 0.6630  0.9260 0.9924 0.9998  0.8735 0.7455 0.6600 0.3657
ModelGRU 0.8472 0.7195 0.6651  0.9277  0.9927 0.9999 0.8756 0.7484 0.6614 0.3657
ModelC_cls_allword_optuna 0.8596 0.7386 0.6709  0.9347 — 0.9999  0.8830 — 0.6674 —
ModelC_cls_attention 0.8460 0.7185 0.6656  0.9267 — 0.9996  0.8762 — 0.6604 —
ModelC_cls_langchain 0.5606 0.4405 0.3882  0.6227 0.9280  0.5236 0.4372
ModelC_cls_-modernbert_optuna 0.8285 0.6909 0.6514 09119 0.9895 0.9996 0.8605 0.7323  0.6491  0.3656
ModelD_masking 0.8459 0.7184 — 0.9267 — 0.9996  0.8762 — 0.6604 —
ModelD_hierarchy 0.8349 0.7379 0.6580 0.9222 0.9999 0.8670 0.6565
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