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Abstract

ICD coding is a critical yet challenging task
in healthcare. Recently, LLM-based methods
demonstrate stronger generalization than dis-
criminative methods in ICD coding. How-
ever, fine-tuning LLMs for ICD coding faces
three major challenges. First, existing public
ICD coding datasets provide limited coverage
of the ICD code space, restricting a model’s
ability to generalize to unseen codes. Sec-
ond, naive fine-tuning diminishes the inter-
pretability of LLMs, as few public datasets con-
tain explicit supporting evidence for assigned
codes. Third, ICD coding typically involves
long clinical documents, making fine-tuning
LLMs computationally expensive. To address
these issues, we propose Code-Centric Learn-
ing, a training framework that shifts supervi-
sion from full clinical documents to scalable,
short evidence spans. The key idea of this
framework is that span-level classification im-
proves LLMs’ ability to perform document-
level ICD coding. Our proposed framework
consists of a mixed training strategy and code-
centric data expansion, which effectively im-
prove coding performance on ICD codes out of
domain while preserving interpretability. With
only the open-source Llama-3.1-8B model, our
method outperforms or matches strong discrim-
inative baselines and GPT-4.1-based genera-
tive methods, demonstrating its effectiveness
and potential for fully automated ICD cod-
ing. Code is available at https://anonymous.
4open.science/r/CCL-ICD.

1 Introduction

ICD codes play a foundational role in medical in-
surance reimbursement and health data analysis.
ICD coding, the process of assigning ICD codes to
each patient encounter, is a critically important task
in modern healthcare systems. However, ICD cod-
ing remains an extremely challenging task. Even
expert human coders frequently make errors (Burns
et al., 2012; Horsky et al., 2018; Gan et al., 2025).
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Figure 1: (a) Exsiting public datasets covers limited ICD
codes; (b) Direct fine-tuning lacks interpretability; (c)
Training cost of LLM on long documents is expensive;
(d) Our solution hugely improves OOD code accuracy
via efficient training, and preserves interpretabiliy.

First, multiple codes often apply to a single en-
counter, leading to pervasive undercoding. In ad-
dition, the large and fine-grained ICD vocabulary
increases the likelihood of code confusion and mis-
assignment. These challenges motivate extensive
research on automated ICD coding.

Early ICD coding approaches adopt discrimina-
tive models with label attention mechanisms (Mul-
lenbach et al., 2018; Huang et al., 2022; Edin et al.,
2024). Recently, LLM-based methods gain atten-
tion due to their stronger generalization capabil-
ities (Motzfeldt et al., 2025; Yuan et al., 2025).
Among them, training-free approaches (Li et al.,
2024; Motzfeldt et al., 2025) rely on carefully de-
signed prompts or workflows, and place strong
demands on the capability of the backbone LLM.
However, such high-performance LLMs are often
closed-source and require online access, making
them incompatible with the strict data privacy and
deployment constraints in clinical settings. In con-
trast, fine-tuning methods (Yuan et al., 2025) enable
smaller, locally deployable LLMs to acquire ICD
coding capabilities, making them more practical
for real-world healthcare applications. Given clin-
ical notes and a simple task prompt, the LLM is
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optimized to output ICD codes along with their tex-
tual descriptions and outperforms discriminative
models on out-of-distribution data.

However, this fine-tuning paradigm entails sev-
eral issues: limited code coverage, poor inter-
pretability and low training efficiency (shown in
Figure 1). First, existing ICD coding datasets cover
only a small subset of ICD codes. For example,
even MIMIC-IV (Johnson et al., 2023) includes
only about 10% of the 70K ICD-10-CM codes,
which severely restricts generalization to unseen
codes. Second, most ICD coding datasets provide
ICD codes without supporting evidence; as a result,
fine-tuning LLMs on such data encourages direct
code prediction without explicit evidence ground-
ing. This not only diminishes interpretability, but
also precludes human review and correction of the
underlying evidence, thereby limiting effective hu-
man—Al collaboration. Third, fine-tuning LLLMs on
long clinical documents is computationally expen-
sive, considering the quadratic complexity with re-
spect to input length. Collectively, these challenges
significantly limit the applicability of fine-tuning
LLMs for ICD coding.

To address the above issues, we propose a novel
training framework, Code-Centric Learning (CCL).
Unlike traditional paradigms that operate on entire
clinical notes, our method centers on code-specific
evidence spans. Intuitively, ICD coding can be de-
composed into two sub-tasks: locating evidence
and assigning codes. If an LLM is trained to assign
the correct ICD code to an evidence span, it im-
plicitly learns to recognize such evidence in a long
clinical document. Consequently, strengthening
the evidence-level code assignment capability
also enhances the model’s ability to locate rele-
vant evidence and assgin codes in a full note.

Based on this intuition, CCL consists of two
key strategies. First, we adopt a mixed training
strategy that leverages a limited number of samples
with annotated evidence spans together with a large
collection of code-related evidence spans. Com-
pared to direct fine-tuning on full clinical notes,
this strategy provides explicit interpretability and
reduces computational cost by focusing on short
evidence spans instead of long clinical documents.
Second, we propose a code-centric data expan-
sion strategy. We extract code-specific evidence
spans from public datasets based on annotated
codes, and supplement them using official ICD
coding resources. For codes unseen in both official
knowledge bases and public datasets, we retrieve

the closest codes and evidence to synthesize plau-
sible evidence spans, ensuring full ICD code cov-
erage. Our proposed training framework enables
an 8B-scale LLLM to outperform both discrimina-
tive models and strong GPT-4-based approaches on
both in-domain and out-of-domain datasets, while
additionally providing explicit interpretability and
intervention capability.
Our main contributions are summarized as:

e We propose a fine-tuning framework for LLM-
based ICD coding that simultaneously ad-
dresses three key limitations: (i) limited code
coverage in public datasets, (ii) the lack of
interpretability in standard fine-tuning, and
(iii) the low training efficiency caused by long
clinical documents.

e We introduce a novel training framework con-
sisting of a mixed training strategy and a code-
centric data expansion strategy, motivated by
the central insight that span-level classifica-
tion yields transferable gains for document-
level evidence extraction.

e Our proposed framework enables an 8B-scale
LLM to achieve competitive performance
against both discriminative models and strong
GPT-4-based approaches on both in-domain
and out-of-domain datasets, while attaining
state-of-the-art results on several key metrics.
In addition, it provides explicit interpretability
and supports human—Al collaboration.

2 Related Work

2.1 Discriminative methods

Label attention. Discriminative models have long
dominated the ICD coding task, whose strong per-
formance can be attributed to label attention mech-
anisms (Mullenbach et al., 2018), learning an in-
dependent query vector for each ICD code. The
widely adopted state-of-the-art method is PLM-
ICD (Huang et al., 2022) and its variant PLM-CA
(Edin et al., 2024).

Knowledge injection. Building on label atten-
tion, several studies explore incorporating external
ICD-related knowledge. DKEC (Ge et al., 2024)
apply a graph network to encode knowledge from
multiple sources. AKIL and MRR (Wang et al.,
2024b,a) introduce auxiliary coding systems such
as DRG, CPT, and procedure codes. Correlation
(Luo et al., 2024) models relationships among ICD



codes. MSMN (Yuan et al., 2022) and MSAM
(Gomes et al., 2024) ultilize synonyms to learn
code representations. GKI-ICD (Zhang et al., 2025)
injects code descriptions, synonyms, and hierarchi-
cal relations by synthesizing guidelines. ACE-ICD
(Le et al., 2025) imrpoves medical terminology
understanding via acronym expansion.

Interpretability. Traditional discriminative
models operate as black-box systems, with lim-
ited interpretability. To address this challenge,
MDACE (Cheng et al., 2023) re-annotated a subset
of MIMIC-III (Johnson et al., 2016), in which ex-
pert coders performed multi-round cross-validation
to relabel ICD codes and provided gold-standard
evidence spans for each assignment. Building on
MDACE, Edin et al. (2024) apply AttInGrad to
map model predictions to evidence spans in the
original text. AutoCodeDL (Wu et al., 2024) in-
corporates dictionary learning to decode dense em-
beddings into medical concepts. While discrim-
inative models require additional mechanisms to
produce evidence, generative models naturally sup-
port evidence-based coding.

2.2 Generative Methods

Training-free methods. Early works explored the
use of off-the-shelf LLMs for ICD coding, design-
ing prompts and workflows. Boyle et al. (2023)
prompts the LLM to predict ICD codes in a hi-
erarchical manner, from chapters and sections to
specific codes. MAC (Li et al., 2024) prompts the
LLM to perform as different roles, such as coder
and physician, reducing coding errors via cross-
role verification. MedCodER (Baksi et al., 2025)
combines evidence extraction, candidate retrieval,
and re-ranking, to overcome the large label space.
Similarly, CLH (Motzfeldt et al., 2025) extracts evi-
dence, retrieves candidate codes via the Alphabetic
Index and Tabular List, and verifies them.

Fine-tuning methods. Recently, (Yuan et al.,
2025) demonstrates that fine-tuning LLMs is more
suitable for this task than training-free paradigms
and proposes a verification module to fix mistakes.
Nesterov et al. (2025) also validates this conclusion
on their proposed Russian ICD coding benchmark.
However, these methods typically perform super-
vised fine-tuning (SFT) directly on ICD coding
datasets, which leads to low training efficiency on
long documents, covers limited ICD code space,
and lacks interpretability. Therefore, developing a
more suitable fine-tuning paradigm for LLM-based
ICD coding is particularly important.

3 Methodology

3.1 Overview

Fine-tuning LLMs for ICD coding is commonly
performed at the document level. Given a clini-
cal document x and its associated ICD code set
C (followed by code description), conventional
document-level training can be cast as supervised
fine-tuning (SFT):

Hbin ESFT(fQ(‘T)a C) ) (1)

where the LLM fp(-) maps a long clinical docu-
ment to a set of ICD codes under standard next-
token prediction. However, this paradigm is in-
herently limited by three critical challenges: low
training efficiency, high annotation noise, and poor
interpretability (See Section 1).

To overcome these challenges, we propose a
code-centric learning framework. We perform
mixed SFT on two types of instances: (i) a full
clinical document, annotated with evidence and
ICD codes; (ii) an evidence span and a single ICD
code, which can be formulated as:

min | Lsrr(folo), (E,C)) + Lser(fale), o)
2
where F denotes evidence spans supporting an-
notated ICD codes C, e denotes an evidence span
with corresponding ICD code c. The former forces
the LLM to extract evidence before assigning
codes, enhancing interpretability, while the lat-
ter consists of short evidence spans that are easy
to acquire, which naturally address issues of

limited code coverage and training efficiency.

Defining (e, ¢) as an evidence-code pair,

(G,C) ~ D, 3)

where D is a multi-source knowledge base. To
ensure full ICD code coverage, we construct D by
integrating three tiers of evidence-code pairs: gold,
silver, and synthetic, as:

D= Dgold U Disitver U Dsyna 4)

in which Dyggq consists of scarce, authoritative
evidence-code pairs from official ICD resources.
Diitver 18 mined from public datasets, yielding
a larger collection of evidence-code pairs with
broader coverage. For the remaining unseen codes,
we construct Dgy, by synthesizing evidence via
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Figure 2: Overviw of code-centric learning framework. Mixed Training unifies document-level evidence-based
ICD coding and span-level code knowledge injection within a single framework. Code-centric Data Expansion
leverages large language models to extract and infer evidence spans for each code from diverse knowledge sources,
addressing codes that lack evidence-annotated documents.

LLM, thereby completing coverage over the entire
ICD code set. Below, we will describe the details
of the mixed training strategy for Eq. 2, and the
code-centric data expansion strategy for Eq. 4.

3.2 Mixed Training

Mixed training is designed to bridge the gap be-
tween scarce, high-quality document-level ICD
coding data and large-scale but weakly super-
vised code-centric data. By jointly training on
these two complementary supervision signals, the
model learns to follow human-aligned evidence-
based coding workflows while acquiring broad ICD
knowledge that cannot be covered by limited expert
annotations alone.

Document-level evidence-based ICD coding
data refers to medical documents annotated with
both ICD codes and supporting evidence. This
type of data is very hard to obtain, and therefore
extremely scarce and valuable. To our knowledge,
MDACE (Cheng et al., 2023) is the only available
public dataset that contains such kind of data.

For each clinical document, we first extract the
human-annotated evidence spans, preserving their
original order in the document. We then order
the ICD codes accordingly, and augment them
with their textual descriptions from the ICD-10
Tabular List. Finally, we convert text, evidence

and codes into instruction-tuning samples using a
unified prompt template (Appendix B). Note that
evidence extraction and code assignment are per-
formed jointly within a single generation process,
rather than through staged or multi-step pipelines.

Despite MDACE'’s small scale, LLMs can learn
robust evidence-based ICD coding behavior, as
demonstrated in Section 5.2.

Code-centric learning data refers to evi-
dence—code pairs, where the model takes an ev-
idence span as input, instead of a full clinical doc-
ument, and predicts the corresponding ICD code.
The advantage of code-centric learning data is ob-
vious: since each sample contains only a short
evidence span and a single ICD code, it enables
efficient training, and is scalable and substantially
easier to denoise than document-level labels.

Such evidence—code pairs can be obtained from
diverse sources. They may originate from high-
quality, human-curated resources (e.g., official cod-
ing references) or be automatically extracted by
LLMs from public ICD coding dataset. Section 3.3
describes how we systematically expand these pairs
to increase code coverage.

Training and inference. We fine-tune the LLM
using a mixture of document-level, evidence-based
ICD coding data and large-scale code-centric learn-
ing data under a standard autoregressive super-



vised fine-tuning objective. The evidence-based
data teaches the model to follow the human coding
workflow and produce structured, interpretable out-
puts, while the code-centric data injects scalable
code-specific knowledge and enables generaliza-
tion beyond the limited code set covered by dense
annotations.

T; ) ) ,
mein Lspr(0) = Z Z — log py (ygl) | ﬂf(z)a Z/(<Z))

i=1 t=1

&)
At inference time, we apply the same prompt
schema used for evidence-based training (Ap-
pendix B). This unified formulation encourages the
model to first identify relevant evidence spans and
then assign ICD codes, while implicitly leveraging
the code-level knowledge acquired during code-
centric learning. As a result, the model produces
ICD predictions that are both interpretable and ac-
curate, without requiring evidence annotations at

test time.

3.3 Code-centric Data Expansion

Under the code-centric learning paradigm, we orga-
nize training supervision around individual ICD
codes rather than full clinical documents. Ac-
cordingly, we construct a multi-tier evidence—code
knowledge base composed of gold pairs from
human-curated ICD resources, silver pairs mined
from noisy labeled datasets, and synthetic pairs
inferred by LLMs to ensure full code coverage.

Gold pairs from human knowledge bases. In
clinical practice, human coders routinely consult
the Alphabetic Index and the Tabular List when
assigning ICD codes (See Appendix A.3). These
resources naturally form high-quality code-centric
learning corpus, but had been overlooked by pre-
vious works. CLH (Motzfeldt et al., 2025) first
incorporated these resources, treating them as an
external corpus for retrieval-augmented genera-
tion. In our framework, we treat Alphabetic Index
terms paired with their default ICD codes as gold
evidence-code pairs.

Silver pairs from noisy labeled datasets. Most
large-scale ICD datasets provide only document-
level code labels without explicit evidence annota-
tions. To align such data with evidence-based ICD
coding, we construct silver evidence-code pairs
via a two-stage LLM pipeline: document-level evi-
dence extraction followed by code-level evidence
consolidation.

In the first stage, given a clinical note and one of

its assigned ICD codes, the LLM extracts a textual
span that plausibly supports the code. We aggregate
extracted spans across the dataset for each ICD
code, retain unique evidence phrases, and record
their frequencies.

Ec={ele= fum(z,c), z€ X}, (6

where X, denotes the set of clinical documents
labeled with code ¢, fiim(z,c) extracts support-
ing evidence spans from document = for code c,
yielding a large evidence set &.. g M then summa-
rizes &, into a small set of representative (typical)
evidence expressions E..

In the second stage, given an ICD code and its
frequency-ranked evidence candidates, the LLM
infers a small set of representative evidence ex-
pressions for that code, forming the silver dataset
,Dsilver‘

&= fum(e &), (7

where fipm denotes the LLM, ¢ denotes the target
ICD code, and £ denotes the evidence candidates.

Synthetic pairs inferred by LLMs. Despite
combining gold and silver pairs, many ICD codes
remain uncovered in public datasets. To achieve
full code coverage, we synthesize evidence-code
pairs using an LL.M guided by ICD knowledge.

For each uncovered target ICD code, we retrieve
its nearest neighbor code in the ICD-10-CM hier-
archy and related information of this nearest code.
Conditioned on this information, the LLM gener-
ates concise clinical evidence expressions that plau-
sibly support the target code, forming the synthetic
dataset Dyyy:

€ = fLLM(C7 6*7 ’C(C*))v (8)

where ¢ denotes the target ICD code, c¢* denotes its
nearest ICD code, and K(c*) represents the associ-
ated ICD knowledge of c*, i.e. potential evidence
from gold pairs and silver pairs. These synthetic
pairs complement gold and silver data, resulting in
a code-centric knowledge base with complete ICD
coverage.

Finally, we mix gold, silver and synthetic
evidence-code pairs, and convert them into the
same prompt format as evidence-based ICD cod-
ing, to form a large, high-quality instruction-tuning
dataset.



4 [Experiments

4.1 Dataset

MIMIC-1IV (Johnson et al., 2023) is currently the
largest publicly available dataset annotated with
ICD-10 codes. However, it contains only ICU clin-
ical notes, while the ICD codes span the entire
patient encounter. As a result, many codes are
not supported by the available text (Cheng et al.,
2023; Edin et al., 2023; Yuan et al., 2025), making
MIMIC-IV unsuitable as a reliable benchmark. We
therefore treat MIMIC as a large but noise-prone
training dataset, and rely on high-quality external
benchmarks to measure true ICD coding perfor-
mance. Since some of the baselines are trained on
its training set, our method uses the same training
set to extract code-centric data, following Edin et al.
(2024)’s split, to ensure fair comparison.

MDACE (Cheng et al., 2023) is an expert-
annotated subset of MIMIC-III (Johnson et al.,
2016), containing gold-standard evidence span an-
notations. We follow its official data split, using
the training set for document-level evidence-based
ICD coding, and using its test set for evaluation.

ACI-Bench (Yim et al., 2023) is a synthetic
dataset of clinical notes, based on which Yuan et al.
(2025) constructs a new double expert-annotated
ICD-10-CM coding benchmark.

In summary, our training primarily relies on
MIMIC-1V, supplemented with MDACE. Evalu-
ation is conducted on MDACE and ACI-Bench,
with the latter providing a more out-of-distribution
benchmark to assess generalization.

4.2 Evaluation

For discriminative models, we use the validated-
optimal threshold. For generative models, we ex-
tract the alphanumeric code component (letter fol-
lowed by digits) from LLM’s text output. We filter
out codes not present in the test-set label space.
Since generative models do not provide probability
scores, AUC cannot be computed. We therefore
report micro-F1, macro-F1, Precision, and Recall
as our primary evaluation metrics.

4.3 Baselines

Discriminative Methods. PLM-ICD (Huang et al.,
2022) is a BERT-based model combined with label
attention. PLM-CA (Edin et al., 2024) is its variant,
replacing label attention with cross attenion. GKI-
ICD (Zhang et al., 2025) is a knowledge injected
version of PLM-CA. We finetune these models on

MIMIC-IV-ICD10 dataset, and find the optimal
threshold.

Generative methods. For closed-source LLMs,
we include Chain-of-Thought (CoT) (Wei et al.,
2022) and its self-consistency variant (CoT-SC)
(Wang et al., 2022), as well as task-specific meth-
ods, MAC (Li et al., 2024) and CLH (Motzfeldt
et al., 2025). We additionally include CoT and SFT
of the same backbone LLM. For SFT, we adopt
the optimal configuration from Yuan et al. (2025),
using code and description as output format.

5 Results

5.1 Comparison with SOTA models

Table 1 shows that our method (CCL) achieves
strong performance using only Llama3.1-8B. Com-
pared with methods of similar scale, CCL
substantially outperforms prompt-based CoT
and improves over standard SFT across both
in-domain (MDACE) and out-of-domain (ACI-
Bench) benchmarks. Despite its small model size,
CCL achieves performance comparable to GPT-
4.1-based methods, and even surpasses them on
several key metrics (e.g., Micro-F1 on MDACE
and competitive Micro-/Macro-F1 on ACI-Bench),
while remaining competitive on the others.

Importantly, CCL also provides explicit evidence
for its predicted ICD codes, enabling human coders
to review and revise the evidence, and our exper-
iments in 2 show that such revisions lead to mea-
surable performance improvements. Overall, CCL
strikes an effective balance between performance,
efficiency, and interpretability.

5.2 Ablation Study

We conduct ablation studies on the MDACE dataset
using Llama-3.1-8B as the backbone model.

Evidence-based fine-tuing is more effective
than code-only fine-tuning. First, even with a
small amount of fine-tuning data, i.e. MDACE
training set, LLMs achieve clear performance gains
over CoT without fine-tuning, demonstrating that
fine-tuning is necessary and effective for ICD cod-
ing. Second, on the same amount of training data,
incorporating human-annotated evidence spans into
ground truth (i.e. train LLMs to extract evidence be-
fore assgining codes) leads to larger improvements
than code-only fine-tuning. This behavior contrasts
with prior findings on discriminative models, where
evidence-span supervision does not necessarily im-
prove coding accuracy (Cheng et al., 2023).



Method Backbone MDACE (In Domain) ACI-Bench (Out of Domain)
Micro-F1 Macro-F1 Recall Precision | Micro-F1 Macro-F1 Recall Precision
PLM-ICD (Huang et al., 2022) RoBERTa (120M) 50.6 26.5 66.6 40.8 39.3 18.3 58.1 39.6
PLM-CA (Edin et al., 2024) RoBERTa (120M) 50.0 25.8 65.3 40.4 25.1 11.1 64.8 15.5
GKI-ICD (Zhang et al., 2025)  RoBERTa (120M) 50.4 26.3 64.3 41.0 47.8 25.8 62.0 39.0
CoT (Wei et al., 2022) GPT-4.1 57.0 35.8 59.7 54.4 61.9 48.1 67.6 57.0
CoT-SC (Wang et al., 2022) GPT-4.1 57.1 36.2 56.1 58.2 61.4 47.4 67.6 56.2
MAC (Li et al., 2024) GPT-4.1 48.1 31.0 61.2 39.7 51.5 45.6 69.6 40.9
CLH (Motzfeldt et al., 2025) Qwen3-235BA22B 56.3 43.7 55.2 57.6 67.1 47.7 66.1 68.1
CoT (Wei et al., 2022) Llama3.1-8B 26.5 9.1 20.2 38.9 434 12.4 36.4 53.6
SFT (Yuan et al., 2025) Llama3.1-8B 57.4 34.5 60.1 55.0 63.4 389 57.9 70.1
CCL (Ours) Llama3.1-8B 59.3 352 56.4 62.5 65.8 47.1 64.8 67.0
Table 1: Comparison with previous SOTA methods on in domain and out of domain benchamrks.
Methods Micro-F1  Macro-F1 Recall Precision Methods Micro-F1  Macro-F1 Recall Precision
w/o fine-tuning 26.5 9.1 202 389 Llama3.1-8B 59.3 352 564 625
Code-only 423 17.0 37.8 48.2
Evidence & Code 49.7 204 470 528 Llama-3.2-1B 408 16.0 352 43.6
CCL (Ours) 593 352 56.4 62.5 Qwen2.5-0.5B  31.8 10.6 24.9 442
w/ human evidence 78.0 54.8 73.5 83.0 Qwen2.5-1.5B 50.6 24.1 45.0 57.8
Qwen2.5-7B 54.2 27.4 48.6 61.2

Table 2: Ablation Study on MDACE Dataset. Code-only
and Code & Evidence use MDACE training set, whereas
CCL additionally incorporates evidence spans. w/ Hu-
man Evidence indicates that, during testing, human-
annotated evidence is added to the input, allowing the
LLM to continue assigning codes.

Code-centric learning effectively improves
coding performance. We first conduct a simplified
experiment, using only gold pairs from Alphabetic
Index. As shown in Table 2, CCL on gold pairs
already yields a clear improvement in coding per-
formance. Furthermore, we extract or synthesize
code-specific evidence spans, i.e. silver and syn-
thetic pairs, to achieve full code coverage, which
leads to further gains. These results highlight the
effectiveness of code-centric learning and code-
centric data expansion.

Human-AI Collaboration. Our paradigm ex-
plicitly extracts evidence before code assignment,
enabling human-in-the-loop ICD coding by allow-
ing clinicians to review and revise LLM-generated
evidence. As shown in Table 5.2, replacing
model-generated evidence with human-annotated
evidence yields substantial performance improve-
ments, highlighting the interpretability, controlla-
bility, and practical applicability of our approach.

5.3 Generality and Scalability

We conduct extensive experiments across LLMs
with different architectures and parameter scales.
Due to hardware constraints, we are limited to fine-
tuning models with up to 8B parameters.

Table 3: Performance of different LLM under CCL
Framework on MDACE Dataset.

Generality across architectures. As shown in
Table 3, the proposed framework performs con-
sistently across both Llama and Qwen backbones,
demonstrating robust cross-architecture generaliza-
tion. Across comparable model scales, Llama mod-
els consistently outperform Qwen models, which
may be due to Llama being primarily pretrained on
English data.

Scalability with model size. Within each model
family, performance improves steadily as model
size increases. Both Llama-3.2 and Qwen2.5 mod-
els exhibit clear gains in Micro-F1 and Macro-F1
when scaling from smaller to larger variants. The
consistent scaling behavior across architectures fur-
ther supports the scalability of the approach.

5.4 Analysis of Code-Centric Learning

Code-centric Learning enables the model to ac-
quire knowledge of codes beyond the coverage
of the document-level data. As illustrated in Fig-
ure 3 (a), we categorize the codes in the test set into
two groups: (1) codes covered by the document-
level data, for which the model explicitly learns to
extract supporting evidence and assign ICD codes,
and (2) codes learned exclusively through code-
centric learning, for which the model has only been
trained to assign codes without explicit evidence
extraction. The results in Figure 3 (c¢) demonstrate
that, under the mixed training strategy, the code
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Figure 3: (a) Test-set codes are partitioned into in-domain and out-of-domain (unseen in the document-level training
set). (b) Sources of spans constructed for OOD codes, with proportions of three strategies. (c) Our method improves
OOD performance using spans only, without documents. (d) Each strategy contributes to improved coding accuracy.
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Figure 4: An example from the test set. Code-only methods cannot generate evidence, making the results difficult for
humans to evaluate and revise. Evidence-based methods suffer from limited evidence-annotated data for fine-tuing,
and therefore achieve lower accuracy. Our method balances interpretability and accuracy, producing evidence and
ICD codes that are highly consistent with human annotations.

knowledge learned during code-centric learning  evidence while maintaining accurate ICD coding.
can be transferred to document-level ICD coding, In this case, the predicted ICD codes and support-
which demonstrates the effectiveness of our pro-  ing evidence are highly consistent with the ground
posed hybrid training strategy. truth, which demonstrates that our method effec-
Code-Centric Data Expansion effectively tively balances interpretability and accuracy.
broadens the code coverage of document-level
ICD coding. Overlall, CCL data derived from
all three knowledge sources consistently improve ~ 0 Conclusion
OOD coding performance, demonstrating that
document-level ICD coding can be effectively en-  In this paper, we identify a key finding: span-level
hanced using span-level supervision alone. Further  learning can effectively boost document-level ICD
analysis across knowledge sources shows that ev-  coding. Based on this observation, we propose
idence—code pairs mined from official guidelines  a new LLM fine-tuning paradigm for ICD cod-
and public datasets yield larger performance gains,  ing, termed code-centric learning. This training
while synthetic data also contributes to OOD code  paradigm incorporates mixed training and code-
recognition, albeit to a relatively smaller extent. centric data expansion, and simultaneously ad-
dresses three long-standing challenges in this do-
5.5 Case Study main: limited code coverage, lack of interpretabil-
Figure 4 shows an example from the test set. Un- ity and inefficient training on long documents. Our
like code-only methods that achieve high accuracy  paradigm is efficient, scalable and better suited for
but only output final codes without supporting evi-  real-world deployment in collaboration with human
dence, and evidence-based methods whose accu-  coders. We hope that the community will adopt this
racy is constrained by limited evidence-annotated  new paradigm and advance the long-standing goal
data, our approach is able to generate interpretable  of fully automated ICD coding.



Limitations

Data quality. The scarcity of high-quality ICD
coding benchmarks remains a fundamental chal-
lenge for the research community. Although
MIMIC-III and MIMIC-1V are widely used, many
studies have repeatedly highlighted their annota-
tion inconsistencies and data quality issues (Cheng
et al., 2023; Edin et al., 2023; Yuan et al., 2025).
Even comparatively higher-quality benchmarks
such as MDACE still contain labeling errors
(Khadka et al., 2025). We therefore call for the
development of more reliable, rigorously curated
ICD coding benchmarks.

Simiplified setting. First, existing datasets cover
only a limited subset of the ICD ontology, typically
a few thousand codes, which fall far short of the
tens of thousands of codes present in the full ICD-
10 system (Motzfeldt et al., 2025). Furthermore,
practical ICD coding is substantially more complex
than the simplified one-to-one mapping between
evidence spans and codes. ICD codes exhibit hi-
erarchical, inclusive, and mutually exclusive rela-
tionships, and these interactions strongly influence
how evidence should be identified and grouped
(CMS and NCHS, 2025). Modeling such relational
structures poses significant technical challenges.
Currently, the community still lacks such compre-
hensive benchmarks. Addressing these challenges
requires collective effort of the community.

Ethics Statement

We use the publicly available clinical dataset. We
do not see any ethics issues.
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Appendix

A ICD Coding Background

A.1 ICD coding task.

The ICD Coding task recognizes diseases, symp-
toms, conditions and procedures in a medical doc-
ument, including discharge summaries, progress
notes, and operative reports, and assign standard-
ized ICD (International Classification of Diseases)
codes to them. This task plays a critical role in
healthcare administration, clinical statistics, reim-
bursement systems, and medical research.

From a computational perspective, ICD Coding
is commonly formulated as a text-to-code predic-
tion problem. Given a patient-level clinical docu-
ment, the model is required to output a set of ICD
codes. The task is characterized by a large label
space, hierarchical code structures, and severe la-
bel imbalance, which together make ICD Coding
a challenging and distinctive problem in clinical
natural language processing.

A.2 Distinction from Related Tasks

Although ICD Coding seams to share similarities
with several well-studied tasks, its objectives and
constraints differ substantially from those tasks,
which may lead to confusion.

Difference from Diagnosis. Diagnosis aims
to infer or determine what diseases a patient has,
often involving clinical reasoning, uncertainty man-
agement, and causal inference. In contrast, ICD
Coding does not seek to generate new diagnos-
tic conclusions. Instead, it focuses on assigning
standardized codes based solely on diagnoses and
clinical facts that have already been documented by
healthcare professionals. Therefore, ICD coding
should be viewed as an information standard-
ization task rather than a diagnostic or decision-
making task.

Difference from Multi-label Text Classifica-
tion. In conventional multi-label settings, labels
are typically assumed to be conditionally indepen-
dent given the input text, and prediction is treated
as a parallel, order-agnostic decision process. In
contrast, ICD Coding involves strong dependencies
among codes. In real-world coding practice, hu-
man coders do not assign all codes independently
or simultaneously. Instead, they follow official
coding guidelines to sequentially identify the prin-
cipal diagnosis, secondary diagnoses, supplemen-
tary conditions, and procedures, with each step
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constraining and informing subsequent coding de-
cisions. This process is inherently procedural and
generative, rather than purely discriminative.

Difference from Information Extraction. In-
formation extraction tasks typically focus on iden-
tifying entities, relations, or events explicitly men-
tioned in text. By contrast, ICD Coding requires the
prediction of standardized code identifiers rather
than text spans, and often relies on a holistic under-
standing of the entire document rather than local-
ized entity mentions.

A.3 Authoritative Resources in ICD Coding

Alphabetic Index. The Alphabetic Index maps
various synonyms, abbreviations, and lexical vari-
ants to candidate ICD codes, thereby bridging the
gap between natural language expressions and stan-
dardized code identifiers. Importantly, the codes
suggested by the Alphabetic Index are not defini-
tive; rather, they represent preliminary references
that must be further validated.

Tabular List. The Tabular List is the author-
itative, structured listing of all valid ICD codes,
organized by chapters, categories, subcategories,
and extensions. Each code entry in the Tabular
List is accompanied by a formal definition and may
include additional annotations such as inclusion
terms, exclusion notes, code-first instructions, and
combination code indicators. Coders are required
to confirm all codes suggested by the Alphabetic
Index against the Tabular List before assignment.

Coding Guidelines. The Coding Guidelines pro-
vide a comprehensive set of rules and conventions
that govern how ICD codes should be applied in
practice. Guidelines often specify conditional logic
(e.g., “code first,” “use additional code,” or “do not
code separately”) and clarify how multiple diag-
noses or clinical conditions should be represented
in a single episode.

In practical ICD coding workflows, these re-
sources are used in a complementary and sequential
manner. The Alphabetic Index supports initial term-
to-code lookup, the Tabular List determines valid
and precise code selection, and the Coding Guide-
lines regulate how codes are combined, ordered,
and reported.



B Prompts

B.1 Prompts for Code-centric Learning
Framework

In this section, we present all the prompts used
in our approach. Specifically, we describe the
prompts for Mixed Training and Code-centric Data
Expansion.

Mixed Training relies on two types of data for-
mats: (1) document-level evidence-based ICD cod-
ing data, and (2) span-level data designed for code-
centric learning. We show the prompts of these two
different tasks in Table 4.

For Code-centric Data Expansion, we show the
prompts used to construct Silver Pairs and Syn-
thetic Pairs, as Gold Pairs are primarily obtained
from the Official Alphabetic Index.

To construct Silver Pairs, we employ LLaMA
3.1-70B to mine all supporting evidence from each
MIMIC-IV sample, followed by deduplication and
refinement of the evidence associated with each
ICD code. We show the used prompts in Table 6.

For Synthetic Pairs, we use GPT-5.1 to infer un-
seen ICD codes based on existing Gold and Silver
Pairs. We show the prompts in Table 5.

B.2 Prompts for Baselines

In this section, we present all the prompts used by
the generative baselines, as shown in Table 7.

For Chain-of-Thought (CoT), we adopt the stan-
dard CoT prompting strategy.

For CoT-SC, we use the same prompt as CoT,
but retain only those ICD codes that appear in at
least three out of five reasoning runs.

For MAC, we make minor modifications to the
original prompt to adapt it from ICD-9 to ICD-10,
as the original method was evaluated primarily on
ICD-9.

For CLH, we use the official open-source imple-
mentation and apply it directly to our dataset.

For the SFT on MIMICIV and Code-only ICD
Coding setting on MDACE in the ablation study,
we use the same prompt, following Yuan et al.
(2025) to add descriptions after ICD codes.

C Implementation Details

For LLM inference, we use VLLM (Kwon et al.,
2023). For SFT, we use LLaMa Factory (Zheng
et al., 2024). All the experiments are implemen-
tated on a single H20 GPU with 96GB of VRAM.

13



Table 4: Prompt templates used for Mixed Training

Data Type Prompt Template

Document-level ICD coding
Data Task:

You are a clinical coding assistant.

Your task is to analyze the provided clinical note,

first extract all relevant clinical evidences that supports diagnostic coding,
and then output the corresponding ICD-10—-CM codes.

Example

### Clinical Note:

### Evidence

CAD
COPD
Anemia

### ICD-10—CM Codes
125.10 — Atherosclerotic heart disease of native coronary artery without angina pectoris

J44.9 — Chronic obstructive pulmonary disease, unspecified
D62 — Acute posthemorrhagic anemia

### Clinical Note:
\{text\}
Span-level Code-Centric Learn- .
ing Data ### Evidence:
\{evidence\}

### ICD—-10—-CM Codes:
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Table 5: Prompt templates used for Code-Centric Data Expansion (Silver Pairs)

Task Prompt Template

Evidence Extraion )
You are a professional ICD-10—-CM coder.

Your task is to extract the sverbatim minimal text spans: that supports each ICD-10-CM
code. If no explicit evidence exists in the note, output: "No evidence found".

Example

### Clinical Note:

### ICD-10—CM Codes

#i## Evidence

125.10 — Atherosclerotic heart disease of native coronary artery without angina pectoris >
CAD

J44.9 — Chronic obstructive pulmonary disease, unspecified > COPD

D62 — Acute posthemorrhagic anemia > Anemia

### Clinical Note
{text}

### ICD-10—CM Codes
{diagnosis_codes}

### Evidence

Evidence Refinement )
You are a professional ICD-10-CM coder.

Your task is to update and refine the Evidence Set for the ICD-10—CM code below.
Follow these rules:

1. Only keep the #xmost essentials: evidence that clearly supports this code.
2. You may reference the Alphabetic Index terms, but you do not need to match them exactly.
3. Use the **Original Evidence Sets: as the base.
— If the MIMIC-1IV evidence contains new, meaningful, or more specific expressions, add
them.
— If not, keep the existing evidence unchanged.
4. Remove duplicates and unify phrasing into #:clear, concise, canonical: clinical
expressions.
5. Output the *+updated Evidence Set only:=, as a bullet list. No explanation.

### ICD-10—CM Code
{code}

### Alphabetic Index Term
{alphabetic_index_term}

### Original Evidence Set
{evidence_set}

### New Evidence from MIMIC-IV
{mimiciv_evidence}

### Updated Evidence Set

15



Table 6: Prompt templates used for Code-Centric Data Expansion (Synthetic Pairs)

Task

Prompt Template

Synthesize Evidence

You are a professional ICD-10-CM coding and clinical documentation expert.

Your task is to synthesize a focused, audit—defensible list of clinical
evidence terms that directly support assignment of the ICD-10-CM code: {code}.

Definition of evidence:
Evidence refers only to clinical findings or documentation elements
that materially support the diagnosis represented by the code.

Available references:
{reference}

Instructions:

— Use the parent and sibling codes to understand diagnostic scope.

— Infer conservatively based on ICD-10-CM conventions and real-world
clinical documentation patterns.

— Prioritize diagnostic—confirmatory evidence (e.g., imaging findings,
explicit diagnoses, anatomical localization).

Do NOT include:

— Mechanism of injury or accident descriptions

— General symptoms or nonspecific complaints

— Treatment, procedures, immobilization, or care plans

— Encounter setting or workflow details

— Redundant negative statements unless required to distinguish code type

Unspecified code rule:
— If the code is unspecified, do NOT introduce inferred specificity
(e.g., displacement, fracture pattern, severity).

Output constraints:

— Consolidate overlapping or synonymous terms.

— Stop generating new items once additional terms no longer add
distinct coding value.

Output format:
— <evidence term>
— <evidence term>
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Table 7: Prompt templates used for Generative Baselines

Baselines Prompt Template

CoT - . :
You are a clinical coding assistant.

Your task is to analyze the provided clinical note,
and then output the corresponding ICD-10—-CM codes.

### Clinical Note:
{text}

Let's think step by step.

MAC-coder
You are an ICD-10 coder.

You assign ICD—-10 codes to the discharge summary based on the clinical care that the
patients received.

You cite the discharge summary as evidence when needed.

You assign as manyas possible ICD—-10 codes and explain the reasons for each code.

The discharge summary is: {text}

MAC-reviewer )
You are a reviewer.

You will check the ICD—-10 codes assigned by the coder.

You can use the ICD-10 dictionary for guidance.

Your role is to ensure that the assigned ICD-10 codes are correct.

You assign all possible ICD-10 codes and explain the reasons for each code.

The discharge summary is: {text}
The ICD-10 codes assigned by the coder are: {coder_pred}

MAC-physician o )
You are a physician who treats patients.
You strive to provide the best service to each patient.
You document your findings, interventions and results in the discharge summary note.
You check all assigned ICD-10 codes and explain the reasons for each code.

The discharge summary is: {text}
The ICD-10 codes assigned by the coder are: {reviewer_pred}

MAC-patient . . .
You are a patient who receieved treatment at the hospital.

You cooperate fully with thehealth care system to receive the best service possible.
You also check the ICD—-10 codes to avoid being overbilled.
You check all assigned ICD-10 codes and explain the reasons for each code.

The discharge summary is: {text}
The ICD-10 codes assigned by the coder are: {reviewer_pred}

MAC-adjustor . o .
When a patient or a physician has different thoughts about the ICD-10 codes,

you will review the discharge summary and the ICD codes assigned by the coder and
checked by the reviewer.

You can add, remove the assigned codes to make them accurate.

You can consult the ICD-10 dictionary for assistance.

Your duty is to ensure that the assigned ICD-10 codes are valid and exact.

You assign all possible ICD—10codes and explain the reasons for each code.

The discharge summary is {text}

The ICD-10 codes assigned by the physician are {physician_pred}
The ICD-10 codes assigned by the patient are {patient_pred}

The ICD-10 codes assigned by the coder are {coder_pred}

The ICD-10 codes checked by the reviewer are {reviewer_pred}

SFT / Code-onl
Y You are a clinical coding assistant.

Your task is to analyze the provided clinical note, and then output the corresponding ICD
—10—CM codes.

### Clinical Note:
{text}
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