DQ ISSN 2394-7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 1, pp: (24-29), Month: January - April 2025, Available at: www.noveltyjournals.com

Advancing ICD Code Assignment with Al In
U.S. Healthcare: Extended Analysis and
Benchmarking

Rohan Desai

Rutgers University, NJ, USA

DOI: https://doi.org/10.5281/zen0d0.14676991
Published Date: 17-January-2025

Abstract: The paper identifies the current trends and development in applying Al to increase accuracy and efficiency
in the assignment of ICD code within U.S. healthcare. Researchers have used deep learning, natural language
processing, and machine learning models to improve automation in this important process. This review outlines
state-of-the-art methods, assesses their effectiveness using various metrics, and discusses future research directions
based on the experimental results with publicly available online clinical data. Extended tables and references are
provided for clarity, along with comparative analyses. Diagrams are included to explain the methodologies visually.
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I. INTRODUCTION

Accurate ICD coding is a crucial issue in healthcare settings concerning billing, reporting, resource allocation, and
epidemiological studies, especially in the United States. Traditionally, human coders have used a complex hierarchy of the
ICD standard, which resulted in very labor-intensive workflows that were highly prone to errors. In recent times, as
healthcare systems have been under increasing pressure to be more efficient and cut costs, researchers began looking at
modern Al techniques that can speed up and automate the coding process.

Al-driven solutions, especially with deep learning and the emergence of NLP, are rapidly evolving. These developments
enabled automated systems to extract, interpret, and encode clinical narratives with increased specificity 1. Capturing fine
relationships within clinical text using distributed word representation such as Word2Vec 2 and contextual embeddings
BERT 3 has been made possible. Attention mechanisms [4] and graph-based neural networks [5] have subsequently
improved the accuracy and interpretability of results. Reinforcement learning strategies [6] have also been considered to
optimize sequential decision-making: models learn from their mistakes iteratively.

Besides, XAl provides an insight into the decision-making process of the models, engendering their trust among health
workers [7]. These are very fundamental features in large-scale applications where transparency and accuracy are required.
This work therefore presents a critical review of these Al techniques, comparing their performance across various
benchmarks, and discusses their applicability to large-scale ICD coding tasks. Future directions, such as real-time coding
and domain adaptation, are also explored.

I1. RELATED WORK
A. Neural Machine Translation and Attention Mechanisms

It has contributed a great deal to ICD code assignment using NMT. Bahdanau et al. added attention mechanisms to focus
on relevant input sequences when generating output [8]. For the ICD code domain, attention layers will emphasize key
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phrases in clinical text to improve the accuracy of code prediction. For example, an attention layer would put more emphasis
on "chest pain" when predicting the code for myocardial infarction [9].

Diagram 1: Attention Mechanism Workflow

Input Text: [The patient has a fever
and headache.]

¥

Encoder ._} Highlights "fever" and "headache"

v

Attention Layer: Focuses on "fever"

v

Decoder Output: ICD Code for fever
(R50)

B. Machine Reading Comprehension

MRC frameworks incorporate text understanding with reasoning. Hermann et al. use embeddings and contextual layers to
map clinical narratives to ICD codes [10]. These systems excel in tasks where extracting meaningful segments from
complex narratives is essential, such as distinguishing between "chronic™ and "acute™ conditions [11].

Diagram 2: MRC Workflow

Input Clinical Text: [Patient
experienced chest pain and
sweating.]

v

MRC System

v

Identifies "chest pain" and links it to
"myocardial infarction.”

v

Output: ICD Code for Heart Attack
(121)

C. Tree-Structured Neural Networks

ICD codes are by nature hierarchically structured. Tree-structured neural networks, such as tree-LSTMs, model these
parent-child relationships, thus capturing the subtleties. For example, "Diabetes with complications” can be differentiated
from "Diabetes without complications" by analyzing hierarchical dependencies [12].

Page | 25
Novelty Journals


about:blank
about:blank

- Novelty Journals ISSN 2394.7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 1, pp: (24-29), Month: January - April 2025, Available at: www.noveltyjournals.com

Diagram 3: Tree-LSTM Model

ICD Hierarchy:

» Parent: Diabetes

« Child: Diabetes with complications

« Child: Diabetes without complications

v

Tree-LSTM: Encodes parent-child
relationships for accurate predictions.

D. Bidirectional Attention Flow

Bidirectional Attention Flow: The BiDAF captures the interaction between query and context [13]. Applied to ICD coding,
it links the clinical descriptions to their relevant ICD code. For example, "sharp chest pain™ is matched to the query
"myocardial infarction™ to predict the correct code [14].

E. Recent Extensions and Meta-Learning

Meta-learning approaches enable the models to adapt to rare or novel codes with limited data [15]. Few-shot learning
strategies allow the system to generalize effectively with minimum examples of rare diseases like familial
hypercholesterolemia [16].

Meta-Learning Workflow
Step 1: Train on common ICD codes; for example, 110 for Hypertension.
Step 2: Fine tune with rare codes - E78.71 Familial Hypercholesterolemia.
Step 3: Predict new/seldom seen codes with few examples.

1. METHODS
A. Proposed Framework for ICD Code Assignment

Pre-processing: Initial ingestion and data preparation was done with the total records-1,000 for their clinical notes of every
distinct PatientID that also comprised clinical records along with "True ICD". Preprocessed text typically followed a
combination without limitations such as lower cleaning, tokenization, stop word removal, lemmatizing depending upon
requirements; structure, ready for embedding. [17].

Diagram 4: Data Preprocessing Pipeline

Clinical Data (1,000 records) —’ Text Cleaning -‘ Tokenization

v

Embedding

Expanded Workflow Description: Preprocessing ensures that inconsistencies in data, such as typos, irrelevant symbols,
and terminologies, are well handled. In enhancing the quality of input data, other techniques involve filtering special
characters using regex and clinical term standardization. Word2Vec or BERT embedding methods transform the text data
into a numerical format that can be fed into neural networks. Sequences are padded or truncated to a fixed length so that
they can consistently go into the model, and this allows for batch processing.
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B. Embedding Layer

The embedding layer converts textual data into numerical representations using methods such as:
Word2Vec: Captures semantic relationships between words [2].

GloVe: Generates embeddings based on word co-occurrence [18].

BERT: Produces deep contextual embeddings using bidirectional transformers [3].

Embedding techniques are crucial in creating rich feature representations, enabling models to learn complex patterns in
clinical text. Recent studies demonstrate that contextual embeddings (e.g., BERT) outperform traditional embeddings by
accounting for word usage variability in medical contexts [24].

C. Model-Specific Architectures

BiLSTM: Processes sequences bidirectionally, capturing both past and future contexts [19]. This enables nuanced
understanding of the temporal relationships between medical events within clinical notes. BiLSTMs are particularly
effective in tasks requiring sequential understanding, such as analyzing patient progress over time.

MH-GAT (Multi-Head Graph Attention Network): Utilizes ICD code hierarchies to improve classification [20]. By
applying graph attention mechanisms, MH-GAT captures complex relationships between sibling and parent-child codes,
enhancing prediction accuracy in hierarchical data structures.

Capsule Networks: Captures part-whole relationships, enhancing robustness [21]. Capsule networks provide a unique
advantage in ICD coding by effectively capturing compositional hierarchies, such as distinguishing between "Diabetes" and
"Diabetes with complications."

Reinforcement Learning (RL): Optimizes sequential code assignment via reward-based mechanisms [22]. RL frameworks
adaptively improve predictions by learning from positive rewards (correct codes) and penalties (incorrect codes). This
iterative process leads to significant improvements in multi-code scenarios.

Contrastive Pretraining: Differentiates similar and dissimilar clinical notes, improving accuracy [23]. Contrastive learning
leverages paired examples, enabling the model to learn discriminative features crucial for differentiating overlapping or
ambiguous conditions in clinical data.

These architectures leverage these to address various challenges in ICD coding, including ambiguity in clinical descriptions,
hierarchical complexity, and sparsity of data. The use of multi-level attention and dynamic routing techniques has been
promising, with large gains being observed in dealing with complex and rare ICD codes [25].

1IV. EXPERIMENTS AND RESULTS
A. Dataset and Preprocessing

A total of 1,000 clinical notes were divided into training, validation, and test subsets in the ratio 70:15:15. Both Word2Vec
and GloVe embeddings were used, while BERT embeddings were used for advanced comparisons [24]. Data augmentation
techniques, such as synonym replacement and contextual paraphrasing, were applied to enhance dataset variability and
model generalization.

B. Evaluation Metrics

Performance was measured using:

e Accuracy: Fraction of correctly predicted codes.

e Precision and Recall: Balances false positives and negatives.
e F1-Score: Harmonic mean of precision and recall.

e AUC: Area under the ROC curve [25].

e Hamming Loss: Quantifies the fraction of incorrectly predicted labels in multi-label classification.
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C. Comparative Results

Table I: presents the performance of five models:

|Mode| ||Accuracy ||F1—Score ||AUC ||Hamming Loss |
[BiLSTM ||0.85 0.83 [0.86 ]j0.12 |
IMH-GAT l0.88 l0.86 0.89 |l0.10 |
[Capsule Networks |l0.87 l0.85 l0.88 ]j0.11 |
[Reinforcement Learning  |0.84 0.82 l0.85 ]l0.13 |
Contrastive Pretraining  ](0.89 l0.87 [0.90 ]l0.09 |

Expanded Results Analysis: The results showed that contrastive pretraining was superior to all other models in terms of
accuracy and F1-score, which implies that it is better suited for tasks with subtle diagnostic differences. MH-GAT also did
very well, especially in cases with hierarchical code dependencies, thus proving to be useful in structured datasets. Capsule
networks provided only moderate improvements and required extensive hyperparameter tuning for optimal performance.
Although reinforcement learning works in the case of multi-diagnosis, the robustness in their performances is a bit poorer
because of the complex reward mechanism involved.

Visualization of Table for Models:

Model Performance Comparison

0.90F Accuracy
—e— F1-Score
—e— AUC
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V. DISCUSSION

Reinforcement Learning has shown great results in the case of multi-diagnosis, while Contrastive Pretraining showed
exceptional performance in conditions of overlapping. The BiLSTM worked poorly with hierarchical dependencies, where
advanced architectures like MH-GAT [26] have their place.

Future work should be done on real-time implementation and integration of multimodal data, including lab results and
imaging [27]. Besides, Explainable Al can be used to improve interpretability, thus building trust in Al systems among
clinicians [28].

VI. CONCLUSION AND FUTURE WORK

Al has significantly improved ICD code assignment by automating labor-intensive processes and reducing errors. Among
the models tested, Reinforcement Learning and MH-GAT were outstanding for their hierarchical understanding and
adaptability. Future research should be directed at explainability, real-time deployment, and integrating multimodal data to
further enhance performance and usability [29].
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