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Abstract

Automatic ICD coding is a task which assigns
disease or procedure codes to clinical notes from
patients’ electronic health record data. Large
language models have been explored for this
task, but none of the existing approaches have
shown stronger performance than traditional
deep learning models due to limited ability to
model concepts. Existing methods for ICD cod-
ing often utilize the code descriptions or syn-
onyms to enhance performance. In this pa-
per, we propose to use concepts to expand the
label space. Utilizing the hierarchy of ICD
codes, we construct concepts associated with
the codes at different levels, and employ fine-
tuned large language models to obtain con-
cept scores, which are then used for code pre-
diction. Experiments conducted on MIMIC-
III-50, and MIMIC-III-rare50 datasets demon-
strate that our models achieve excellent perfor-
mance and largely outperform previous state-
of-the-art models. While the current evalua-
tion is constrained in scope and computational
tractability, the results provide strong evidence
for the potential of concept-driven LLM frame-
works to advance automated medical coding.

Keywords: ICD Coding, Medical Concepts,
Large Language Models (LLMs).

Data and Code Availability The experiments in
this study were conducted on the publicly available
MIMIC-III Clinical Database (Johnson et al., 2016).

The code used to run the experiments is available in
the GitHub repository 1.

Institutional Review Board (IRB) No IRB ap-
proval is needed.

1. Introduction

Electronic Health Record (EHR) systems have been
increasingly employed in US hospitals to maintain
and manage patients’ data. ICD (International Clas-
sification of Diseases) coding is a critical task for
EHR management to transform clinical notes into
ICD codes to structurally represent appropriate dis-
eases and procedures. The extracted ICD codes can
be not only used for insurance companies for reim-
bursement purposes but also help government agen-
cies to conduct analyses in policy making.

Traditional ICD coding tasks generally rely on a
team of experts to manually annotate the medical
notes, but they highly rely on expertise and they are
also not overly time-efficient. As deep learning has
achieved great success in many healthcare problems,
it has also been used to automate ICD coding (Mul-
lenbach et al., 2018; Shi et al., 2017; Li and Yu, 2020;
Rios and Kavuluru, 2018). Existing approaches often
regard this task as a multi-label classification task
and utilize some domain knowledge to better rep-
resent the codes and enhance the performance, in-
cluding using code descriptions (Yang et al., 2022),

1. https://github.com/shahrarfatemi/CEC
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code synonyms (Yuan et al., 2022) and code hierar-
chies (Xie and Xing, 2018; Cao et al., 2020; Lu et al.,
2023). However, there remain many challenges, such
as rare codes and limited training data. Very recently,
large language models have been explored in the ICD
coding task (Agrawal et al., 2022; Boyle et al., 2023;
Huang et al., 2022; Yang et al., 2023), but surprisingly
they do not perform better than the non-pretrained
state-of-the-art deep learning models such as MSMN
(Yuan et al., 2022). It is claimed that one possible
reason is their inefficiency in modeling concept-level
information (Dong et al., 2022).

In this paper, we propose the notion of concept-
enhanced coding (CEC), which leverages concept-
level prediction to improve ICD coding. Concepts are
often used in machine learning tasks to enhance inter-
pretability. For example, Concept Bottleneck Mod-
els (CBM)(Koh et al., 2020; Oikarinen et al., 2023)
construct the prediction of image classification labels
from the linear combination of human-annotated con-
cepts. However, these concept-based models focus
more on interpretability and they often sacrifice the
performance compared to their end-to-end counter-
parts. In contrast, in the context of ICD coding,
we argue that medical concepts associated with ICD
codes can not only provide interpretability but also
significantly improve the performance of large lan-
guage models. The concepts for ICD coding are of-
ten symptoms of diseases and we extract the concepts
which best discriminate different ICD codes (see Fig-
ure 1 as an example). Consequently, the concepts
for different codes have little overlap, and they are
used to expand the label space instead of forming a
bottleneck as in CBMs.

We use large language models to first project the
medical texts to the concept space and obtain concept
scores, and then utilize another large language model
to predict the ICD codes. In parallel, considering the
inherent hierarchical structure of ICD codes, we gen-
erate concepts at different levels. The added concepts
from more abstract levels can be used to either en-
large the concept space or to improve the estimation
of concept scores. This in turn increases the accuracy
of ICD code prediction. While our approach demon-
strates strong improvements in predictive accuracy, it
requires substantial computational resources to pro-
cess the expanded concept space and fine-tune large-
scale models. Therefore, our current evaluation fo-
cuses on the MIMIC-III-50 subset rather than the full
dataset, representing a limited but practical scope for
experimentation. We evaluate our approach on the

MIMIC-III benchmarks using two recent LLM back-
bones (Llama3-8B (Grattafiori, 2024) and Gemma-
7B (GemmaTeam, 2024)). Our models significantly
outperform the previous LLM-based models as well
as other state-of-the-art (SOTA) models. Specifically,
on MIMIC-III-rare-50 our best model achieves over
80% in both Macro F1 and Micro F1, more than dou-
ble the scores of the next-best model. On MIMIC-III-
50, it also exceeds the previous SOTA by over 18%
in both metrics.

2. Related Work

2.1. Pre-LLM Automated ICD Coding
Methods

Automatic ICD coding is typically formulated as
a multi-label classification problem in many recent
deep learning approaches. These methods often uti-
lize CNNs or RNNs to encode clinical texts through
attention mechanisms, identifying relevant parts for
prediction (Mullenbach et al., 2018; Xie et al., 2019;
Li and Yu, 2020; Shi et al., 2017). Subsequent works
have increasingly focused on leveraging the struc-
tural characteristics of ICD codes and their descrip-
tions for improved representation. For instance, Xie
and Xing et al.(Xie and Xing, 2018) applied tree-of-
sequences LSTM networks to capture the hierarchical
relationships among codes, while Vu et al.(Vu et al.,
2021) proposed a joint hierarchical learning mecha-
nism based on bidirectional LSTM encoder to handle
tail codes. Graph Neural Networks (GNNs) have also
been explored to enhance modeling capacity (Rios
and Kavuluru, 2018). For example, Cao et al.(Cao
et al., 2020) introduced a co-graph structure that si-
multaneously considers both code hierarchy and code
co-occurrence. Moreover, Yuan et al.(Yuan et al.,
2022) proposed the Multiple Synonym Matching Net-
work(MSMN) to utilize code synonyms by aligning
codes to concepts in UMLS. Building on this, Yang
et al.(Yang et al., 2022) fine-tuned a pretrained lan-
guage model with code description prompts and in-
jected knowledge of synonyms, abbreviations, and hi-
erarchy. Following this, Wang et al.(Wang et al.,
2024a) developed a multi-stage retrieve-and-rerank
model that uses external knowledge to retrieve can-
didate labels and refines them using co-occurrence
relationships.
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Parent Level Concepts
Sudden drop in kidney function
Oliguria (low urine output)
Fluid retention        584 (Acute kidney failure)
Electrolyte imbalances
Dialysis initiation

Leaf Level Concepts
progressive loss of kidney function     584.9
reversible with treatment        (Acute kidney failure, unspecified)

Parent Level Concepts
eGFR (estimated Glomerular Filtration Rate)
Proteinuria screening
Hypertension               585 (Chronic kidney disease
Phosphate binders               (ckd))
Dialysis planning

Leaf Level Concepts
progressive loss of kidney function 585.9 (Chronic kidney disease, 
long-term dialysis or transplant unspecified)

Figure 1: Comparative analysis between the concept sets of two ICD Codes: 584.9 and 585.9

2.2. Automated ICD Coding with Large
Language Models

With the growing success of LLM across various clini-
cal NLP tasks(Agrawal et al., 2022), researchers have
started exploring their application to ICD coding.
Huang et al.(Huang et al., 2022), for instance, used
a BERT pretrained on clinical text as an encoder,
and incorporated a label-aware attention mechanism
to aggregate the representations. Hauksson et al.
(Hauksson and Einarsson, 2024) examined the fine-
tuning of pretrained BERT-based models in low-
resource language. Furthermore, Yang et al.(Yang
et al., 2023) proposed a two-stage model where an
LSTM is used to further verify ICD codes predicted
by LLMs. Inspired by code hierarchy, Boyle et
al.(Boyle et al., 2023) prompted the LLMs following
a tree-like manner to search the relevant ICD codes,
and Wang et al.(Wang et al., 2024b) explored the
probabilistic label tree decoding. More recent work
has directly leveraged large-scale pretrained LLMs
such as GPT-3.5, exploring both fine-tuning with
clinical data and prompting-based approaches with
data augmentation to adapt the model for ICD cod-
ing (Nawab et al., 2024; Falis et al., 2024). To im-
prove interpretability and better capture the relation-
ship between clinical features and ICD codes, Wu
et al. (Wu et al., 2025) disentangled dense embed-
dings into a sparse space using dictionary learning,
and then leveraged LLMs for dictionary feature iden-
tification. In addition, Li et al.(Li et al., 2024) investi-
gated a multi-agent approach that mimics real-world
ICD coding workflows by coordinating five special-
ized LLMs to assign codes in a collaborative manner.
However, current LLM-based methods often exhibit
lower precision than non-pretrained models such as
MSMN, suggesting that their potential in ICD coding
remains underexplored. We hypothesize that leverag-
ing clinically meaningful concepts can improve per-
formance, and therefore propose utilizing LLMs to

model concept hierarchies rather than directly pre-
dicting codes.

3. Method

Problem Definition The objective is to analyze a
clinical note containing medical terminologies, and
assign a binary label yi ∈ {0, 1} to each ICD code
in the label set Y , where |Y | = n. Each candidate
code is associated with a short descriptive phrase di
in plain text. The set of all these code descriptions is
denoted as D, encompassing all nd descriptions (di).
In this paper, we use the ICD-9 coding structure2.
ICD-9 categorizes approximately 13,000 diseases and
medical conditions using a hierarchical system.

3.1. Overview of our Method

Our proposed method, CEC (Concept-Enhanced
Coding) (Figure 2), offers a comprehensive approach
to automated ICD coding, leveraging surrounding
concepts and their hierarchies. ICD coding draws
upon a broad domain of medical knowledge and ter-
minology. This observation motivates the use of a
concept-based architecture to perform ICD coding.
Alongside this, ICD-9 codes are organized in a com-
plex tree structure, where a major diagnosis or proce-
dure code branches into many specific children codes,
which are further subdivided into lower levels. There-
fore, determining the leaf-level ICD codes for a medi-
cal note requires an understanding of the parent codes
at first. The high-level medical concepts present in
a note indicate the broader category of parent code
it belongs to. Further specifications make it easier
to connect the note with the leaf-level codes under
the parent category. The example in Figure 1 refers
to the concept sets for the ICD-9 codes 584.9 (Acute

2. http://www.icd9data.com/2015/Volume1/default.htm
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Figure 2: Concept-Enhanced ICD Coding framework. (a) Initial predictions are generated across the concept
space. (b) These are then leveraged as intermediate predictions to perform the final labeling task.

kidney failure, unspecified), and 585.9 (Chronic kid-
ney disease, unspecified) respectively. The similarity
in their code descriptions is clear; however, the dis-
tinction becomes apparent through their parent-level
concepts. These concepts highlight the critical dif-
ference: one represents a reversible kidney condition,
while the other denotes a chronic disease requiring
long-term dialysis. To incorporate this idea into ICD
coding, we introduce a hierarchical organization of
concept sets, consisting of both parent-level, and leaf-
level concepts.

Our method (Figure 2) consists of three key steps:
Concept Set Construction, Concept Prediction from
a Large Language Model (LLM), and Labeling with
ICD Codes. Concept set construction involves creat-
ing sets of significant and distinct medical concepts
related to ICD codes, and is conducted in an offline
preprocessing stage. Concept prediction from the
LLM uses structured prompts to assess the relevance
of concepts within clinical notes, and we fine-tune
the model to address knowledge gaps. Finally, we in-
tegrate the predicted concept scores of the leaf and
parent concepts into the labeling of clinical notes us-
ing another LLM model trained for ICD labeling from
concept predictions.

3.2. Concept Set Construction

Figure 1 shows that differences in parent-level con-
cepts are crucial for resolving ambiguities in leaf-level
concepts, highlighting the need for unique and rele-
vant concepts for accurate medical coding. To gen-
erate these concept sets, we employ GPT-4 (Chat-
GPT) (OpenAI, 2024) to generate candidate concepts
by providing a detailed medical coding prompt (De-
tails in Appendix B). The model is asked to list rel-
evant medical concepts for each ICD code and its
parent code description. This process helps ensure
that the concepts capture adequate information for
each ICD code. We then refine the extracted con-
cepts to eliminate redundancy. Specifically, we en-
code each concept phrase into sentence embeddings
using all-MiniLM-L6-v2 (Wang et al., 2020) 3. Pair-
wise cosine similarities are computed across all con-
cept embeddings, and concepts exceeding a similarity
threshold of γ = 0.83, determined through empiri-
cal examination, are considered duplicates. For such
highly similar concepts, we retain a single representa-
tive phrase (the first occurrence) and discard the rest,
ensuring that the final concept set is distinct and non-

3. https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2
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overlapping. For instance, similar phrases like “low
blood pressure” and “minimal blood pressure” are
filtered to retain only the most representative terms.
Consequently, we construct distinct sets of con-

cepts Cy for each y ∈ Y that contain the concepts
of the parents and the leaves. For MIMIC-III-50, we
identify a set C = C1 ∪ C2 ∪ · · · ∪ Cn of 325 concepts
(229 parent-level, and 96 leaf-level). For MIMIC-III-
rare-50, the total is 332 concepts (232 parent-level,
and 100 leaf-level).

3.3. Concept Prediction from LLM

Our goal is to determine the relevance of each
concept in the concept set for a given clinical note.
We design a structured prompt format to predict
concept scores from a clinical note. Specifically, the
LLM input is formatted as: [Instruction] + [Clinical
Note] + [Question] + [Answer Prompt] (Figure 3).
We adopt a QA-style format because framing each
code decision as an independent yes/no question
reduces ambiguity and simplifies the multi-label
coding task. The LLM then answers with “yes” or
“no” to each question individually.

The main hindrance in case of the binary predic-
tion from the LLM is due to the lack of knowledge
of the LLM on concept specific structure. Hence, the
LLMs are fine-tuned under the concept set paradigm.
For fine-tuning, we construct training sets by extract-
ing the concepts c ∈ Cy associated with each true
label y, treating them as pseudo-positive concepts.
Additionally, pseudo-negative concepts are obtained
by sampling from concepts linked to negative labels
(Details in Appendix C). This process yields pseudo-
labeled training data, which may inevitably introduce
some noise since concept labels are not manually cu-
rated. Our framework, in the subsequent stage, lever-
ages these intermediate concept-level predictions and
passes to another LLM fine-tuned on direct label su-
pervision, enabling the model to refine and correct
noisy intermediate outputs (if any) before producing
the final label predictions.

3.4. Labeling with ICD Codes

The concepts in the leaf code and its immediate
parent code should have direct correlation on the
presence of corresponding ICD code in a clinical
document. We merge the predictions for all the
leaf and parent concepts on a single clinical note
together. The set of concepts predicted positively

in the previous step is the set of predicted positive
concepts (C ′

+) for that note. The remaining concepts
from our concept space are the predicted negative
concepts (C ′

−). The final labeling task consists of
using these concept predictions along with the raw
clinical note as a prompt to the model. For each
code y ∈ Y , we sample k concepts from the combined
(both parent, and leaf) concept set Cy, and add 2
randomly selected concepts ct ∈ C ′

−, ct /∈ Cy. The
predictions (‘positive’ or ‘negative’) of these k + 2
concepts are included in the prompt to predict the
final label of y. We prepare this prompt as : [In-
struction] + [Clinical Note] + [Concept Predictions]
+ [Question] + [Answer Prompt] (Figure 4). We
repeat this process for all the n codes. The LLM’s
binary answer gives us the binary label of each y,
whereas we consider the probit (softmax function
applied on the logits of the generated token) as the
probability of the presence of y in the note. We keep
k = 3, 4, 5, 6 to analyze the sensitivity of number of
concepts used toward the model’s prediction (Table
3).

Similar to the concept prediction task, the model
has lack of knowledge regarding the mapping of con-
cept to labels. We have to fine-tune the model to
enable it to predict label scores. We create a set of
pseudo true concepts for each note from the true la-
bels. For each true label y, we consider the concepts
in Cy to be pseudo true concepts (C+), and all other
concepts in C \Cy to be pseudo false concepts (C−).
Then, for each code l in the set of true labels, along
with some randomly sampled false labels, we create
a prediction dictionary P in the following way.
1) Sample k = 5 concepts from l’s concept set Cl.
2) If l is true, randomly sample m concepts from C−
concepts. If l is false, randomly sample m concepts
from C+ concepts.
3) For each concept c in the set constructed in (1),
and (2), add “c : Yes/No” in P based on their corre-
sponding label being true/false.
Keeping m = 2, we add P in the prompt as the con-
cept predictions, and ask the model to predict the
label of l. We append the correct answer (Yes/No) in
the end during fine-tuning (Details in Appendix C).

4. Experiments

We utilize the publicly available Llama3-8b and
Gemma-7b backbones, fine-tuned with LoRA (Hu
et al., 2021). Fine-tuning is also applied prior to gen-
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Below is a clinical note. Write a response that appropriately completes the request.
### Instruction: You will be asked whether a medical concept is relevant with the following clinical note or not. The concept will 
be a phrase of a few words. Write your answer in only one word and nothing else. Your replying word should be 'yes' or 'no'. 
The question will be : Is the note above relevant with the concept: {concept}? You will be provided an actual concept in place of 
{concept}.
### Clinical Note : …
### Question: Is the note above relevant with the concept 'Ptosis'?
### Answer:

Figure 3: Concept prediction prompt to the Large Language Model.

You are a medical expert tasked with evaluating the presence of a disease in a patient's medical note. Provide your answer in a clear Yes/No format, on a new 
line.
---
### Medical Note:
(M) admission date …
Previously you were asked about the presence of some medical concepts in the note (M). The questions, and your answers to each of them are provided below:
Question: Does the patient contain 'Aspiration events'?
Answer: No
Question: Does the patient contain 'Ventilator management'?
Answer: Yes
...
...
Question: Does the patient contain 'Sedation and analgesia administration'?
Answer: Yes
Based on your own answers to the above questions, answer the following question regarding the presence of a disease in the note (M).
---
### Question:
(Q) Based on the medical note (M), and your answers to the previous questions, does the patient contain the disease 'Continuous mechanical ventilation for less 
than 96 consecutive hours’?
Answer the question above in a clear Yes/No format, on a new line.
---
### Output Format:
- Answer the question on a new line in the format:
  'Yes' or 'No'
### Response:

Figure 4: ICD Label Prediction Prompt to the Large Language Model using Intermediate Concept Predic-
tions.

erating concept predictions to ensure alignment with
our task (Details in Appendix A). For evaluation,
we benchmark against recent state-of-the-art models,
re-using the standardized scripts from (Yang et al.,
2022). The experimental results demonstrate signif-
icant improvements in model performance across all
evaluation metrics (Table 1).

4.1. Dataset

The MIMIC-III dataset (Johnson et al., 2016) is
a key factor in healthcare research, offering exten-
sive data on deidentified patients. MIMIC-III-50
contains common medical diagnosis and procedures,
while MIMIC-III-rare-50 focuses on less frequent con-
ditions. We use the same data splits as (Mullenbach
et al., 2018) and (Vu et al., 2021), and for rare-50,
splits from (Yang et al., 2022). MIMIC-III-50 has
8066 training and 1729 test instances, while MIMIC-
III-rare-50 has 249 training and 142 test instances.

4.2. Discussion

Our results demonstrate that incorporating concept-
level reasoning into ICD coding not only bridges the
performance gap between LLMs and traditional deep
learning models, but also enables LLMs to substan-
tially outperform the state-of-the-art. A key obser-
vation is that our method performs similarly well
on both the top-50 and rare-50 subsets. On both
MIMIC-III-50 and MIMIC-III-rare-50, the concept-
enhanced framework achieved consistently higher
scores across Macro and Micro F1, with particularly
tremendous gains in the rare-code setting. This sug-
gests that concepts provide a critical signal where
data scarcity and label imbalance have traditionally
hindered performance. Direct code prediction, even
with fine-tuning, yielded weak performance, aligning
with prior reports that LLMs struggle to map long,
noisy notes directly to thousands of candidate codes.
By contrast, concept prediction proved to be easier.
Once identified, they reliably expand the effective la-
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Models
MIMIC-III-50 MIMIC-III-rare-50

AUC F1 AUC F1

Macro Micro Macro Micro Macro Micro Macro Micro

CAML (Mullenbach et al., 2018) 0.875 0.909 0.532 0.614 0.574* 0.602* 0.072* 0.083*

HyperCore (Cao et al., 2020) 0.895 0.929 0.609 0.663 — — — —

LAAT (Vu et al., 2021) 0.925 0.946 0.666 0.715 — — — —

Joint-LAAT (Vu et al., 2021) 0.925 0.946 0.661 0.716 — — — —

MSMN (Yuan et al., 2022) 0.928 0.947 0.683 0.725 0.753* 0.762* 0.171* 0.172*

KEPTLongformer (Yang et al., 2022) 0.926 0.947 0.689 0.729 0.827 0.833 0.304 0.326

TwoStage (Nguyen et al., 2023) 0.926 0.945 0.689 0.718 — — — —

LLM-codex (Yang et al., 2023) 0.929 0.948 0.674 0.715 0.825 0.832 0.279 0.302

Multi-stage Retrieve (Wang et al., 2024a) 0.927 0.947 0.687 0.732 — — — —

CoRelation (Luo et al., 2024) 0.933 0.951 0.693 0.731 — — — —

Exploring LLMs MAC (Li et al., 2024) — — 0.748 0.589 — — 0.881 0.376

CEC - Llama3 0.949 0.955 0.877 0.879 0.971 0.969 0.910 0.875

CEC - Gemma 0.997 0.997 0.908 0.919 0.946 0.937 0.651 0.640

Table 1: Results for MIMIC-III-50 and rare-50 datasets. Baseline results are cited from the original papers,
while * indicates the numbers provided by other papers. — indicates the numbers are not reported.

S1 S2

C11

C12

C13

C22

C21

C23

Figure 5: Label space expansion through associated
concepts. Each code (e.g., S1, S2) connects
to distinct concepts (c11–c13, c21–c23),
providing finer granularity and improving
discrimination between similar codes.

bel space and guide the model toward the correct
codes. This two-stage reasoning process mirrors the
workflow of human coders, who first detect medically
salient findings before mapping them to ICD codes.
The concept sets effectively disambiguated seman-
tically similar codes, cleanly separating those with
overlapping descriptions but differing in chronicity
or etiology, thereby resolving a common ICD cod-
ing error: confusion between near-synonymous leaf

codes. Prior ICD coding approaches have explored
zero-shot prompting, multi-stage retrieval, or error-
specific prompting. They often rely on rigid heuris-
tics or shallow retrieval pipelines that limit robust-
ness. Our method departs from these approaches
by integrating concept-aware evidence retrieval and
candidate expansion into a unified LLM-based frame-
work, which reduces error propagation and captures
implicit signals across sections of clinical notes (De-
tails in Appendix D). This design allows us to im-
prove recall on rare codes while maintaining preci-
sion. Collectively, these findings indicate that con-
cepts act as both a performance enhancer and an
interpretability mechanism. Unlike prior LLM ap-
proaches that often sacrifice precision, our pipeline
leverages concept hierarchies to preserve clinical rele-
vance while delivering state-of-the-art accuracy. Be-
yond ICD coding, this paradigm suggests a promising
direction for other clinical NLP tasks: the decompo-
sition of complex label spaces into medically mean-
ingful intermediate reasoning steps.

4.3. Ablation Study

We visualize how the concepts can expand the label
space of each ICD code in Figure 5. When we look for
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Models
MIMIC-III-50 MIMIC-III-rare-50

Llama3 (F1) Gemma (F1) Llama3 (F1) Gemma (F1)

Macro Micro Macro Micro Macro Micro Macro Micro

Direct coding w/o FT 0.177 0.179 0.259 0.251 0.052 0.051 0.168 0.163

Direct coding w. FT 0.459 0.422 0.402 0.468 0.183 0.144 0.229 0.200

Leaf concepts 0.832 0.773 0.794 0.803 0.774 0.693 0.784 0.767

CEC 0.877 0.879 0.908 0.919 0.910 0.875 0.651 0.640

Table 2: Ablation results for MIMIC-III-50 dataset, and MIMIC-III-rare-50 dataset.

Number of Concepts
MIMIC-III-50 MIMIC-III-rare-50

Llama3 (F1) Gemma (F1) Llama3 (F1) Gemma (F1)

Macro Micro Macro Micro Macro Micro Macro Micro

C+ = 6, C− = 2 0.877 0.879 0.908 0.919 0.910 0.875 0.651 0.640

C+ = 5, C− = 2 0.875 0.876 0.903 0.922 0.840 0.876 0.690 0.657

C+ = 4, C− = 2 0.882 0.874 0.898 0.917 0.825 0.792 0.668 0.657

C+ = 3, C− = 2 0.865 0.854 0.847 0.861 0.804 0.736 0.670 0.666

Table 3: Concept sensitive analysis for MIMIC-III-50 dataset, and MIMIC-III-rare-50 dataset.

concepts, the extracted concepts are relatively unique
to each code and we expect them to discriminate dif-
ferent ICD codes; as a result, concepts for different
ICD codes have very little overlap. If we consider
only the semantic space of a single ICD code, an
LLM must project the entire medical note directly
into that space for code prediction. By incorporating
surrounding concepts, however, any projection into
concepts associated with a given code will increase
the predicted probability of that code. In addition,
if we look into a pair of similar ICD codes, which of-
ten causes the errors for previous machine learning
methods, the extracted unique concepts can easily
help discriminate them. If we compare the results
of using concepts, and the direct coding with fine-
tuning in Table 2, the concept prediction seems much
easier, and highly accurate compared to code predic-
tion, which is understandable because concepts are
more straightforward, and often explicitly included in
the medical note. In fact, the previously successful
synonym-based method (MSMN(Yuan et al., 2022))
can also be seen as a special case of our concept-
enhanced method, if we regard synonyms as concepts.
We assess the capability of the LLMs by conduct-
ing a direct ICD coding task with binary replies for

each ICD code’s description. Fine-tuning (FT) the
LLMs in a few-shot setup improve results but did
not surpass our original pipeline. This is consistent
with the conclusion from previous LLM papers, and
it demonstrates the effectiveness of using concepts.
Since concepts are often symptoms included in the
text descriptions, predicting concepts is much eas-
ier than directly predicting the ICD codes and the
concepts can expand the code label space then, and
enhance the coding performance. All ablation study
results are shown in Table 2. Furthermore, the sen-
sitivity analysis (Table 3) on concept set size shows
that performance is stable across different configura-
tions, underscoring the flexibility of the framework
and its potential to scale.

5. Conclusion

In this paper, we propose a novel framework for au-
tomatic ICD coding by leveraging concept-enhanced
LLMs. Unlike traditional methods that directly
predict ICD codes or rely on code descriptions and
synonyms, our approach expands the label space
using medical concepts, enhancing the model’s
understanding of hierarchical code structures. We

8
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introduce a two-stage pipeline, where LLMs are
fine-tuned to predict the relevance of concepts
from clinical notes, followed by code prediction
using both concept scores, and the raw note. Our
method is highly effective in distinguishing between
semantically similar codes by incorporating both
parent-level and leaf-level concepts. Experimental
results on two benchmark datasets, MIMIC-III-50,
and MIMIC-III-rare-50, demonstrate substantial
improvements over previous state-of-the-art models.
Our approach significantly outperforms both tradi-
tional and recent LLM-based methods, particularly
in handling rare codes, a challenging aspect in ICD
coding tasks.

Additionally, ablation study on the impact of con-
cept set size and model configuration highlights the
robustness and flexibility of our concept-based ar-
chitecture. Beyond performance improvements, our
framework also contributes to better interpretability
in ICD coding by explicitly modeling the reasoning
path through clinically meaningful concepts. This
makes it not only a high-performing solution but also
a more transparent and clinically grounded one. In
future work, we aim to enhance concept generation,
and prediction efficiency to support even broader clin-
ical applications.

6. Limitations

Despite the high accuracy that we obtain in ICD cod-
ing, we also identify some limitations. Firstly, our
method relies on a good enough LLM (e.g. GPT4)
to generate the set of concepts that are highly asso-
ciated with ICD codes and can also differentiate dif-
ferent codes. Secondly, the off-the-shelf LLMs do not
perform well in concept prediction, so the backbone
LLMs need to be first fine-tuned for each concept in
the concept prediction phase.
Besides, our current architecture introduces signifi-
cant computational overhead. Due to the large num-
ber of concepts, it is not time-efficient, especially
when there are thousands of ICD codes. While the
proposed design demonstrates strong performance
gains, its present computational demands limit our
ability to evaluate the method on the MIMIC-III-
full dataset. In future work, we plan to investigate
more efficient strategies to extend concept-based ICD
coding to larger label spaces. Therefore, the cur-
rent study serves as an initial step toward establish-
ing the feasibility of concept-enhanced coding, with

future work aimed at improving computational effi-
ciency and scalability.
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### Instruction :
You are a medical coding expert. You have to determine some 
significantly unique medical concepts that are relevant to the parents of 
a list of ICD codes given as ‘code : title_description’. The parent codes 
are the larger area under which the leaf codes appear (i.e. ‘x.y : 
title_description’ has a parent code like ‘x : title_description’). 
Remember that, the concepts generated should be useful to determine 
the parent codes of these ICD codes. So, you should try to make 
concepts that fall into a broader category compared to the condition of 
the ICD code. Try to make them in a way so that the medical concepts 
can both be useful for identifying the parent code, and help us 
discriminate among the parent codes. 
### Input :
(A list of code, description pair objects, including their parents, i.e. : 
[{leaf_code : (code, description), parent_code : (code, description)}, 
…])
Output Format : (List of concepts for each code description, i.e : 
[{code : [list of concept phrases]}, …])
### Response :

Figure 6: Prompt used to create parent-level con-
cepts using GPT-4

Appendix A. LoRA Fine-tuning
Configuration

We apply LoRA fine-tuning with rank r = 32,
scaling factor α = 32, dropout = 0.05, and gra-
dient accumulation steps = 4. Training is per-
formed for a maximum of 100 steps, which corre-
sponds to approximately 400 binary question–answer
pairs used for weight updates. For comparison, the
test set (142 notes in the rare-50 dataset) contains
over 47,000 binary questions. For concept predic-
tion, the Gemma model is fine-tuned for 500 steps.
For the concept-to-label prediction model, we adopt
a higher LoRA scaling factor (α = 128) and restrict
adaptation to the attention projection layers (k proj,
v proj). This fine-tuning is run for 2000 training
steps using the Bio-Medical-Llama-3-8B (Contact-
Doctor, 2024) backbone, with paged AdamW (8-bit)
optimizer (Dettmers et al., 2022) and a gradient ac-
cumulation steps of 4. The Gemma model is also
trained in a similar setup.

Appendix B. Concept Set
Construction Prompts

Figure 6 and figure 7 are the prompts we use to con-
struct the concepts for each of the icd code, including
their parent levels. At each iteration, 5 to 7 codes are
provided.

### Instruction :
You are a medical coding expert. You have to determine some 
significantly unique medical concepts that are relevant to a list of ICD 
codes given as ‘code : title_description’. Remember that these ICD 
codes fall under parent codes (i.e. ‘x.y : title_description’ has a parent 
code like ‘x : title_description’). We have already enlisted relevant 
medical concepts that are significant to identify the parent codes. So, 
generate medical concepts that are uniquely significant only for the leaf 
code. Try to make them in a way so that the medical concepts can both 
be useful for identifying the ICD code, and help us discriminate it from 
its sibling codes. 
### Input :
(A list of code, description pair objects, including their parents, i.e. : 
[{leaf_code : (code, description), parent_code : (code, description)}, 
…])
Output Format : (List of concepts for each code description, i.e : 
[{code : [list of concept phrases]}, …])
### Response :

Figure 7: Prompt used to create leaf-level concepts
using GPT-4

Appendix C. Constructing Concept
Based Train Set

To construct the concept-based training set, we first
extract pseudo-positive concepts for each true ICD la-
bel by mapping codes to their associated concept sets.
We then generate pseudo-negative examples by sam-
pling concepts from unrelated labels. This produces
a weakly supervised binary classification dataset of
concepts, which is used to fine-tune the LLM for con-
cept prediction. A training set for the final prediction
model is constructed in a similar manner. The com-
plete process is elaborated in Figure 8.

Appendix D. Coverage of Evidence
Signals from the Medical
Notes using Concepts

We assess the coverage of our extracted concepts
against clinical notes by segmenting each note into
overlapping sentence windows and computing BM25
similarity (Robertson and Walker, 1994) between seg-
ments and concept phrases. This analysis shows that
nearly 99% of the notes contain at least one segment
aligned with a concept from the corresponding set,
indicating strong overlap between the concept space
and the evidence expressed in clinical text. This sup-
ports the relevance of the constructed concept sets as
faithful intermediates for ICD coding. An example is
explained in Figure 9.
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Figure 8: Construction of a weakly supervised binary classification dataset of concepts. (a) Concept-based
training data formation using pseudo labels. (b) Pseudo labels are used as concept predictions in
creating the training data for the final model.

Appendix E. Section-Aware
Segmentation for Long
Text Documents

Clinical notes often exceed the context length of cur-
rent LLMs, making it difficult to process long doc-
uments effectively. We have further experimented
with segmenting notes into essential medically rel-
evant sections (e.g., discharge diagnosis, history of
present illness, past medical history) and consolidat-
ing them into a single document, achieving compara-
ble accuracy without relying on the full note.
Repeating the process from Lu et al.(Lu et al.,
2023), we implement the DF-IAPF (Document Fre-
quency–Inverse Average Phrase Frequency) algo-
rithm to identify section titles. This method works
by scoring n-gram phrases based on how often they
appear across documents (high document frequency)
but how rarely they repeat within a single note (low
average phrase frequency). Phrases with high DF-
IAPF scores, such as “history of present illness” or

“brief hospital course”, are strong candidates for sec-
tion titles. This not only emphasizes clinically im-
portant content, but also ensures that even lengthy
narratives can be handled within the model’s input
constraints. This segmentation thus provides both
task relevance, and scalability for large clinical texts.

Appendix F. AUC Scores of Ablation
Results

The AUC scores of ablation results using Llama-3-8b
model are provided in Table 4.
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Figure 9: Concepts creating evidence signals from the medical note in detecting ICD code labels

Models
MIMIC-III-50 MIMIC-III-rare-50

Macro Micro Macro Micro

Direct coding w/o FT 0.528 0.527 0.516 0.511

Direct coding w. FT 0.651 0.638 0.652 0.642

Leaf concepts 0.922 0.921 0.835 0.808

CEC 0.949 0.955 0.971 0.969

Table 4: AUC scores for MIMIC-III-50 dataset, and MIMIC-III-rare-50 dataset using Llama-3-8b.
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