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ARTICLE INFO ABSTRACT

This paper outlines a methodology to increase the usability and readability of clinical
reports through the automated recognition of entities, term matching, and translation
of medical terminology. Three highly customized spaCy models were used for
chemical and disease identification: SciSpacy’s Scientific NER for general scientific
entities and JNLPBA for biomedical entities. All relevant terms in the PDF report were
extracted automatically. Subsequently, these recognized entities were matched
against a predefined CSV dictionary of medical terms. Using exact and fuzzy matching
techniques, the system can identify a large number of abbreviations and partial
matches along with annotation of the matched terms. Output can also be generated in
page-mode, where term descriptions are printed, which can then be downloaded and
reviewed as a compact report. Additionally, translatable output in Marathi, Hindi, or
Gujarati increases usability for healthcare applications that have multiple linguistic
settings, especially aiding patient comprehension and enhancing the availability of
complex medical information in various linguistic contexts.

1. Introduction

Effective and clear communication of medical information is vital for both patients and healthcare providers.
However, the technical language used in medicine often makes documents used in medical practices difficult for
patients, especially those without scientific experience, to understand. This creates a gap between patients and
healthcare providers, potentially impacting patients' health literacy and leading to misunderstandings, which can
affect patients’ ability to make informed health decisions. This issue is compounded in multilingual settings, where
medical information may not be available in the patient's native language, adding another layer to the problem.
A significant challenge in healthcare systems is providing medical information to a diverse population. Simplifying
complex medical texts and translating them into multiple languages would greatly increase the accessibility of
healthcare information, thus enhancing patient engagement, compliance with treatment plans, and empowering
patients to make informed healthcare decisions.

This paper presents an automated methodology for identifying and simplifying medical jargon in clinical
documents. Simplified terms can be directly mapped with their definitions, providing context. This methodology
supports linguistic diversity by enabling translation in multiple languages, thus improving accessibility for
communities with limited medical resources. It assists healthcare providers, medical interpreters, and patient
support services in making complex medical information understandable and accessible to a broader audience,
supporting better healthcare outcomes.

2. Literature Survey

The literature on medical NLP, especially in the areas of translation, simplification, and multilingual support,
suggests various approaches to making complex medical information accessible across languages and to audiences
with varied literacy levels. Key advancements are seen in Large Language Models (LLMs) and specific algorithms
that address issues of accessibility, multilingual adaptation, and health literacy. For instance, the Medical mT5
model supports multilingualism in English, French, Spanish, and Italian, thus making medical information
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accessible to a non-Englishspeaking audience. Such models respond to the growing need for multilingual medical
resources, adapting large-scale LLMs for the medical domain.

L2M3 empowers local-language medical support for community health workers (CHWSs) by utilizing LLMs and
machine translation in low-resource regions. This model considers both linguistic and cultural contexts, thereby
improving healthcare delivery in rural and underserved settings. It provides CHWs with regionally appropriate
medical knowledge, support, and diagnostic tools—a valuable approach for healthcare in resource-limited areas.
Additionally, text simplification models such as SubSimplify and SimText enhance accessibility by making
complex medical texts more readable for a general audience. SubSimplify provides plain-language explanations
for obscure terms in English and Spanish, filling gaps in existing resources. SimText simplifies medical texts
lexically and syntactically to a high-school reading level, minimizing detail loss while increasing accessibility. This
broad effort aims to make medical information comprehensible to those outside the medical field, helping to
address health literacy challenges. In work by Chen et al., Chinese medical terms were mapped to the Unified
Medical Language System (UMLS), addressing cross-lingual integration challenges. This approach, especially
with logographic languages like Chinese, combines string-based and semantic matching to incorporate diverse
medical terminologies into widely used systems. Noll et al.’s scoping review highlights machine translation's role
in accurately and consistently translating standard terminologies like SNOMED CT and MeSH across languages,
underlining the necessity of adapting NLP approaches to the linguistic needs of different languages.

Building on such foundations, this paper combines entity extraction with fuzzy matching to simplify medical terms
in multiple languages, specifically Marathi, Hindi, and Gujarati. This approach aims to make medical information
accessible and understandable across languages and literacy levels by focusing on multilingual accessibility and
readability.

3. Methodology

Algorithm:
MULTILINGUAL_MEDICAL TERM_EXTRACTION_AND_TRANSL
ATION (pdf_file_path, csv_file_path, lang_choice)

text_pages = EXTRACT_TEXT_ FROM_PDF (pdf_file_path)
csv_data = LOAD_CSV_DICTIONARY (csv_file_path)

all_entities =[]

FOR each page_text in text_pages

entities_bcsedr = EXTRACT_ENTITIES (model_bcescdr, page_text)
entities_sci_sm= EXTRACT_ENTITIES (model_sci_sm, page_text)
entities_jnlpba = EXTRACT_ENTITIES (model_jnlpba, page_text)
combined_ entities= COMBINE_ ENTITIES ([entities_bcsedr, entities_sci_sm, entities_jnlpba])
. ADD combined_ entities to all_entities

10.output_file= "output.txt"

11. OPEN output_ file for writing

12. FOR each page_number, page_entities in all_entities

13. matches = MATCH_TERMS_WITH_CSV (page_ entities, csv_data)
14. WRITE_MATCHES_TO_FILE (matches, page_number, output_ file)
15. IF(lang_ choice != "none"

16. TRANSLATE_TEXT (output_file, lang_choice)

17. RETURN **output_file**

ks

FUNCTIONS

- EXTRACT_TEXT_FROM_PDF (pdf_file_path): Extracts text from each page of the PDF.

- LOAD_CSV_DICTIONARY (csv_{file_ path): Loads CSV terms and explanations into a dictionary.

- EXTRACT_ENTITIES (model, text): Identifies entities in the text using the specified model.

- COMBINE_ENTITIES (entities_list): Merges entities from multiple models to avoid duplicates.

- MATCH_TERMS_WITH_CSV (terms, csv_data): Matches terms to CSV data using exact and fuzzy matching.

- WRITE_MATCHES_TO_FILE (matches, page_ number, output_file):
Writes structured matches to the output file by page.

- TRANSLATE_TEXT (output_file, lang_choice): Translates output to the specified language if selected.

RN S

BC5CDR Chemical and Disease Recognition Model - BC5CDR chemical and disease recognition model is an NLP
model learned on the BC5CDR corpus. This uses advanced entity recognition algorithms specialized in
highaccuracy detection for terms relating to chemicals or diseases in biomedical texts. BC5CDR can identify
infrequent but complex medical vocabulary often encountered in clinical situations by leveraging large-scale
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biomedical datasets, further improving the performance of the model in targeting critical terms related to patients
and health results.

SciSpacy's Scientific NER Model: The Scientific NER model in SciSpacy is designed to identify a wide variety of
scientific entities that can span domains such as medicine, biology, and chemistry. Statistical and rule-based
algorithms are optimized for scientific text to make it highly effective for terms other than chemical or disease
entities. This model allows for the complete extraction of terms, which include some scientific terms that fall
outside the general categories of medicine. SciSpacy is highly trained on the scientific corpora, making it possible
to support a range of terms present in clinical reports.

JNLPBA Model for Biomedical Entity Recognition: The JNLPBA model is trained on the JNLPBA corpus with a
focus on discovering biological and biomedical entities like proteins, DNA, RNA, and cell types. This model's entity
recognition algorithm has been fine-tuned to address the complexities of biomedical literature, where special
terms abound. Including JNLPBA into the model set improves coverage of entities for biomedical terms that might
not be fully represented by BC5CDR or SciSpacy, therefore ensuring that the whole biomedical spectrum is
captured.

Fuzzy Logic for Approximate Term Matching:Fuzzy logic is an integral part of this approach that can deal with the
inherent variability in clinical terminology. The exact matching alone can be inadequate because of abbreviations,
misspellings, or slight differences in the usage of terms across contexts. Fuzzy logic brings an intelligent form of
comparison, which is based more on similarity rather than the actual comparison of terms; therefore, it makes the
model flexible to identify terms even when they are abbreviated or spelled a little differently. Fuzzy logic then
matches the extracted entity with its closest match on the predefined dictionary using its similarity scores; hence,
it will not fail to interpret any term on its dictionary. That it maximizes term identification, as well as offering
versatility in the face of many real-world medical documentational variations.

Data Preparation and Entity Extraction: Three specialized NLP models were incorporated—BC5CDR, Scientific
NER from SciSpacy, and JNLPBA—to detect biomedical and scientific named entities. Each page of a PDF medical
report goes through these models to ensure comprehensive identification of terminology, including abbreviations
and technical terms. Using multiple models increases entity coverage across varied clinical domains. CSV
Dictionary for Term Matching and Explanation Retrieval: A custom CSV dictionary containing descriptions,
normal ranges, and interpretations for each term is cross-referenced with extracted entities. If no exact match is
found, fuzzy matching (using Python’s difflib module) provides the best possible partial matches. This approach
accommodates differences in term usage, abbreviations, and misspellings, ensuring flexibility while maintaining
high accuracy in explanations.

Data Output and Structuring: Each matched term and its description are stored on a page-by-page basis. This
structure makes checking terms easier within their page context, creating an organized, user-friendly report for
end users, including healthcare providers, interpreters, and patient support services.

Multilingual Translation Module: The output file can be translated into Hindi, Marathi, or Gujarati using Google
Translate’s API. The translation process divides text into manageable chunks, which are translated individually
and compiled into a single document. This module facilitates the tool’s use in multilingual healthcare settings,
reaching users who may not speak English fluently.

Evaluation and Iterative Improvement: Manual review by healthcare and language experts in Hindi, Marathi, and
Gujarati assesses term matches and cultural acceptability of translations. This iterative process refines the
dictionary, entity extraction parameters, and translation chunking to optimize clarity, accuracy, and usability for
end users.



2865 Prof. Nilesh Patil et.al /Kuey, 30(3), 8377

Clinical Report Processing System

Clinical Report Processing System\

i

‘ PDF Report Extraction

Extract Entities|

’ Uses customized spaCy models:

8 ]
; e =—— - SciSpacy Scientific NER
Entity Becagnilion ]( | - JNLPBA Biomedical NER

dentify & Match Terms|

E’ J Matches terms with CSV dictionary N

; ——— - Exact and fuzzy matching
fesn Wetching ‘ - Abbreviation recognition

ptate Recognized Terms

g ]
Annotation

iew Report

Translate Output Uplc
I [
I [
I [
g |

Supports multilingual output:
- Marathi, Hindi, Gujarati

PDF Report Extraction

Translation Module

Fig1.Flow Diagram
4. Implementation

Data Preparation and Entity Extraction: Text data is extracted from PDF medical documents, preserving each
page's specific context. The models (BC5CDR, Scientific NER, and JNLPBA) scan each page to identify and classify
clinical terms, maximizing coverage across medical disciplines. Term Matching and Explanation Retrieval: A CSV
dictionary holds each term’s definition, normal range, and contextual notes. Exact matches are prioritized;
otherwise, fuzzy matching enables approximate matching to accommodate term variations. This ensures most
terms are matched to their explanations, enhancing accuracy and usability.

Structured Output Generation: A page-by-page output file lists matched terms and explanations, presenting
information in an organized, accessible format for healthcare providers, patients, and interpreters.

Multilingual Translation Module: The translation module allows output in multiple languages. Google Translate
API breaks text into manageable blocks, compiling translations into a coherent document, invaluable in
multicultural healthcare settings.

Judgment and Iterative Improvement: The tool's accuracy and relevance are enhanced by feedback from
professionals who review sample translations and explanations for clarity and correctness. This cycle ensures
ongoing improvement, adapting the tool to healthcare providers’ and patients’ needs in diverse environments.
User Interaction and Operational Setup: The tool includes a CLI, allowing users to upload PDFs, select output
languages, and confirm translation. This simple setup makes the tool accessible to users without programming
knowledge, adaptable for different healthcare settings, from clinics to remote facilities.
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Page 1:

Term: Others

Description: Other findings in urine include abnormal substances such as yeast or parasites, which may indicate infection.

Normal Range: N/A

Low: N/A

High: N/A

Abnormal Findings: {'yeast': 'May indicate fungal infection, especially in immunocompromised individuals.', ‘'parasites’': 'Indicates parasitic infection, such as schistosomiasis.'}

Term: Platelets

Description: The peripheral smear evaluates the number and appearance of platelets to assess clotting function.

Normal Range: N/A

Low: N/A

High: N/A

Abnormal Findings: {‘giant_platelets': ‘Unusually large platelets, seen in certain bone marrow disorders.', ‘platelet_clumping': ‘Clumps of platelets may indicate improper sample
or disorders affecting clotting.'}

Term: WBC Count

Description: The WBC count measures the number of white blood cells in the blood, which help fight infections.
Normal Range: 4500, 11000

Low: Low WBC count (leukopenia) can be caused by bone marrow disorders, autoimmune diseases, or viral infections.
High: High WBC count (leukocytosis) may indicate infection, inflammation, or leukemia.

Abnormal Findings: N/A

Term: RBC Count

Description: The RBC count measures the number of red blood cells in the blood, which are responsible for carrying oxygen.
Normal Range: men: [4.7, 6.1], women: [4.2, 5.4]

Low: A low RBC count can indicate anemia, blood loss, or bone marrow disorders.

High: A high RBC count may be due to dehydration, heart disease, or polycythemia.

Abnormal Findings: N/A

Term: Haemoglobin

Description: Hemoglobin is a protein in red blood cells that carries oxygen from the lungs to the rest of the body and returns carbon dioxide back to the lungs to be exhaled.
Normal Range: men: [13.8, 17.2], women: [12.1, 15.1]

Low: A low hemoglobin count can indicate anemia, blood loss, or nutritional deficiencies.

High: A high hemoglobin count may suggest polycythemia, dehydration, or lung disease.

Abnormal Findings: N/A

Term: PCV (Packed Cell Volume or Hematocrit)

Description: PCV measures the proportion of blood volume occupied by red blood cells.
Normal Range: men: [4@, 54], women: [36, 48]

Low: Low PCV indicates anemia or blood loss.

High: High PCV may be due to dehydration or polycythemia.

Abnormal Findings: N/A

Fig2.0utput

e

TeE:

auf: TETET SR FeuiRe A e el SRE SRTHI Yardte SHER S, 3§ gy uea.
s Aot UL

0 T/

=T

s e (e e SIS Tade Jioe SO auq v,

T A

e Aol /T

i R

T= T

sy e (arie_dedew: Rt s Rerimd e R @ Qdedew., Dede_wifthT: @edcs s s T g & mgrs aRom SR RerR gefy mea.) )

HEd: SEEE oA

FErg #0fi: 4500, 11000

T T segEi T (g rRei) W, siewe e wqa i axiq v
s e /g

Tea: SRR o

Fui: R Hot et e TEaRiiG He Hivd, & Hee aTge TR FaTEeR SRaT.
s Aot g% (7.7, 1.4, R 2R, .4..4]

T T HRARITE W ATEIIn, TE S e Ay fAeR axfy v

I=: e, g b o I SREE e o v,

s e g

ea: Rl

uf: R & e Taa GRiTRe U Wi 1§ GUGHIaR SR S s JifREeE aTga 38 i S S e wWa $ugpEnd ua B3,
TR A ge: (13,8, 17.2), AfEEW: (12,1, 15.1)

FH): ! R T iU, T S E0l b Dt Sl axig .

T 3 RRweia e drdirdia, fesragem fm pugsia I gfed & e,

s e g/

e ot To%: (40, 54), R (36, 48)

T HH dife sreraaaon fa vaa &+ g gfea swa.
= 9= Hieiidt frager fian aichifdfiame o waa.
T e g/

Fig3.Output Translated to Marathi
5. Conclusion

This model offers a valuable solution for enhancing access to complex medical terms in clinical documents by
enabling entity extraction, term explanation, and translation into multiple languages. By leveraging specific NLP
models and fuzzy matching techniques, the model can identify and explain a wide range of medical terms within
clinical information documents, making medical information more accessible for both healthcare providers and
patients. The multilingual translation functionality broadens the model’s applicability, ensuring that medical
reports are accessible to non-Englishspeaking populations, particularly in regions with limited healthcare
facilities.

Its modular design allows for flexibility in customizing term dictionaries, refining translation methodologies, and
implementing continuous improvements based on user feedback. This adaptability makes the model suitable for
various healthcare environments, from urban hospitals to rural clinics, where healthcare providers and
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interpreters must deliver medical information in an accessible and understandable form. Future advancements
may focus on expanding language options, enhancing translation accuracy, and incorporating additional
healthcare-specific NLP models to broaden coverage across diverse medical specialties.

In essence, this approach addresses critical gaps in medical documentation language accessibility and health
literacy, promoting clear patient understanding within a multilingual and multicultural context. This supports
informed decision-making, benefiting healthcare outcomes on a broad scale.

6. Future Scope

Expanding Language Support: Future versions of this model could incorporate additional languages, increasing
usability in multicultural healthcare settings. By supporting a broader range of regional languages and dialects,
the model can enhance understanding and communication with patients from linguistically diverse areas.
Integration of Advanced Healthcare-Specific NLP Models: This includes incorporating more specialized NLP
models trained on specific medical domains, enhancing the model's ability to recognize and interpret terms from
various medical specialties. This improvement would make the model more effective in handling complex or
emerging medical terminology across multiple clinical fields.
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