Global Journal of Medical Terminology Research and Informatics, Vol. 1, No, 1, 2023
ISSN-3107-5282

Al-powered Medical Coding: Improving Accuracy and
Efficiency in Health Data Classification

Dr. Aditi Sharma', and Dr. Rajesh Iyer?

'All India Institute of Medical Sciences (AIIMS), New Delhi, India.
2All India Institute of Medical Sciences (AIIMS), New Delhi, India.

Received: 05/September/2023; Revised: 11/October/2023; Accepted: 06/November/2023; Published: 29/December/2023

Abstract

This in an attempt to enhance the effectiveness of health data classification, the role of Artificial
Intelligence (AI) in automating medical coding processes will be explored in this paper. We built an Al
model which utilizes NLP and deep learning for ICD-10 code assignment of clinical documentation.
Evaluation results showed notable increases in coding accuracy as well as processing speed. The reduction
of manual coding errors and operational expenses, as well as the modernization of healthcare information
systems through Al's impact on revenue cycle acceleration, reinforces the value of Al in mas turning

healthcare information systems.
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1 INTRODUCTION

Medical coding is cornerstone of operation of any healthcare system as it provides a mechanism
through which the diagnosis, procedures, treatments, and their respective ICD-10 classification is
integrated into a singular standardized code. All codes derive significant value in billing,
epidemiological study, strategic resource planning, and decision support systems. However, the need

for manual processes in coding make it time-consuming and laden with possibility for error.

The proliferation of EHRs along with their complexity has placed an urgent requirement for more
effective and sophisticated coding solutions. Issues related to financial loss, compliance breaches, and
reduction in quality of patient care stem from improper coding. Because of this, the medical field as a

whole is seeking more Al solutions and automation to address these issues.

Al medical coding systems utilize Natural Language Processing (NLP) and machine learning
techniques to systematically extract medical codes from unattended clinical texts. They review
physician's notes, discharge summaries, and other diagnostic writings with great accuracy and speed

which translates into time efficiency.

This paper proposes an Al framework based on deep learning that automates ICD-10 code
assignment. The Bi-LSTM model with contextual word embeddings was utilized to train the model on
annotated clinical notes. The system's performance is evaluated on a benchmark dataset and compared

with previous coding methods based on rules and statistics.
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The findings indicate that manual coding will increasingly be aided by Al in the future, resulting in
reliable healthcare organizational operations while meeting regulatory requirements and improving

patient care.

2 LITERATURE SURVEY

Due to unsupervised system training, automated medical coding received a number of systematic
innovations in 2024. (Al-Bashabsheh et al., 2023) enhanced the traditional approach to NLP by
employing classification on BioBERT, successfully achieving an F1 score of 0.89 for ICD-10 coding

which was significantly better than previous efforts (Guevara et al., 2023).

(Zhang et al., 2020) designed a transformer model which was fine-tuned on clinical notes from
MIMIC-II (MIT Lab, 2023). The approach broadened its applicability across multiple healthcare

institutions, achieving 91% accuracy.

(Michalopoulos et al., 2022) looked into hybrid coding systems that integrate rule-based heuristics and
supervised learning. Their approach achieved a 17% decrease in false positives in comparison to

standalone ML models.

(Shuai et al., 2022) investigated the application of deep CNNs and deep RNNs for hierarchical
classification of medical text. In particular, they pointed out the relevance of multi-label classification

in incorporating comorbidities and other overlapping clinical notions.

(Johnson et al., 2023) introduced a method for graph neural networks (GNNs) that apply medical
ontologies for encoding semantic relations of ICD codes. This model performed best with coding of

rare conditions.

These articles as a whole illustrate the persistent understanding regarding Al technology and its
effect on precision and scaling medical coding systems. These findings highlight the difference in
approaches towards automation, from manual and rule-based systems to deep learning and semantic

comprehension.

3 METHODOLOGY

The designed framework features Al-powered medical coding that combines NLP preprocessing

with BiLSTM deep learning architectures.

1. Data Preparation: The clinical notes in the MIMIC-III dataset were processed through a
tokenization, normalization, and filtering pipeline. ICD-10 labels were also transformed into one-

hot vectors.

2. Embedding Layer: The Medical Tokens were captured using word contextual embeddings from

ClinicalBERT.

3. BiLSTM Network: A BiLSTM architecture sequentially processes the input tokens in both

directions to obtain past and future context. A dropout layer is also added to mitigate overfitting.
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4. Classification Layer: The BiLSTM final output is passed to a multi-label dense layer with sigmoid

activation for ICD-10 classification.

5. Evaluation Metrics: Each label is assessed and counted for precision, recall, and F1-score with

macro/micro averages for reporting purpose.

6. Baseline Comparison: Rule-based systems, Naive Bayes, and CNN classifiers served as

benchmarks with our model.

Efficient handling of large clinical datasets was achieved by implementing the system in PyTorch

and training on GPU.

4 RESULTS AND DISCUSSION

Evaluation of the model was performed on a validation set consisting of 5,000 clinical notes. The
BiLSTM model was consistently better than the other models on all metrics as shown in Table 1.

Figure 1 shows the F1-score comparison which gives a visual depiction of the metrics.

Significant improvements in comprehension, especially in scenarios of ambiguous terms, were seen
due to using ClinicalBERT embeddings. The BiLSTM structure proved vital for accuracy in coding

given the need for sequential dependency retention.

As anticipated, the proposed model showed clearly scalable potential for real-world usage in EHR

systems while outperforming other traditional methods.

Table 1: Performance Comparison of Medical Coding Techniques

Model Precision (%) | Recall (%) | F1-Score
Rule-Based 72 68 70
Naive Bayes 78 74 76
CNN 84 80 82
BiLSTM + Clinical BERT 91 88 89
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Figure 1: Fl-score Comparison of Coding Techniques
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5 CONCLUSION

This research puts forth an advanced system for automating ICD-10 medical coding using artificial

intelligence which incorporates a BiLSTM model with Clinical BERT embeddings and demonstrates

enhanced accuracy and scalability. Further work should look at incorporating datasets from multiple

languages and investigate zero-shot learning techniques for infrequently utilized codes.
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