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ABSTRACT

Digitization and structuring of pathology reports are essential in modern healthcare for enhancing patient
care, data analytics, and medical research. This study presents a framework called Dual-integrated Text
Extraction using Hybrid OCR Engines (DiText-OCR), which leverages multiple OCR tools and domain-
specific dictionaries to accurately digitize diverse text types, including printed text and low-quality scans.
The extracted text is further processed using Large Language Models (LLMs) for named entity recognition,
relationship extraction, and data structuring. The resulting structured data are integrated into healthcare
databases and systems, enabling applications in clinical decision support, research, and analytics while
ensuring interoperability.

Despite its effectiveness, the framework faces challenges, such as handling non-standard report formats,
maintaining patient privacy, and addressing the current limitations of OCR and LLM technologies in
medical contexts. Future research aims to integrate this system with electronic health records, extend its
application to other medical documents, and utilize structured data for advanced research and predictive
analytics. By addressing these challenges, the proposed framework has the potential to revolutionize
medical data management, ultimately improving patient outcomes, enhancing clinical efficiency, and
fostering innovation in healthcare.

Keywords: Pathology report digitization, DiText-OCR framework, Optical Character Recognition (OCR),
Large Language Models (LLMs), healthcare data interoperability, clinical decision support.

1. INTRODUCTION by enabling seamless integration into electronic

health systems, fostering efficient diagnosis,

The digitization and structuring of medical
records has become a cornerstone of modern
healthcare, providing a foundation for improved
patient care, data analytics, and medical research.
Although numerous industries have embraced
digital transformation to enhance productivity and
quality, healthcare remains one of the least
digitized sectors, facing challenges in effectively
representing patient health and supporting
diagnoses, treatments, and long-term care plans.
The absence of comprehensive and structured
healthcare records limits the ability to fully
leverage data for risk prediction and personalized
healthcare. Despite the urgency for increased
digitization, it is imperative to approach these
transformations by considering their impact on
clinicians and patients. Structured medical records
play a pivotal role in overcoming these challenges

personalized treatment plans, and improving patient
outcomes. Furthermore, structured data are vital for
large-scale studies, aiding researchers in identifying
trends, evaluating treatments, and advancing their
medical knowledge. This study focuses on applying
Optical Character Recognition (OCR) and Large
Language Models (LLMs) to extract structured data
from unstructured and complex pathology reports,
which is a critical step in addressing the digitization
gap in the healthcare sector. By combining these
advanced technologies, the proposed system aims
to enhance data extraction efficiency, reduce
manual labor, and minimize errors, thereby
supporting the broader goal of digital
transformation in healthcare.

2. LITERATURE SURVEY
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Unstructured medical records, particularly scanned
pathology reports, pose significant challenges for
conversion into structured formats despite their
central importance in modern healthcare. Most
radiology and pathology reports are still recorded as
free-form text, which limits efficient retrieval and
secondary data analysis [1]. Although this problem
is widely acknowledged, much of the existing work
merely describes the challenge without providing
scalable, domain-specific solutions for it. Prior
studies rarely account for the heterogeneity in
formatting and terminology across institutions, a
factor that significantly impedes the effective
integration of electronic medical records.

Efforts to implement structured reporting templates
have been attempted but remain largely
unsuccessful because clinicians perceive them as
increasing their workload [2]. However, few studies
have critically examined workflow barriers or
proposed viable strategies for their sustainable
adoption. Meanwhile, Optical Character
Recognition (OCR) technologies, while widely
used to digitize scanned documents, still exhibit
reduced accuracy when confronted with skewed
images, low-quality scans, or domain-specific
medical terms not found in general lexicons [3].
Much of the literature assumes near-perfect OCR
output, which is unrealistic for real-world hospital
archives, particularly older ones.

Natural Language Processing (NLP) has emerged
as a promising technique for extracting structured
data from unstructured clinical text. Recent
advances in deep learning and large language
models (LLMs), such as GPT-4, have demonstrated
their potential for domain-specific adaptation [4].
However, most studies are exploratory and fail to
address  deployment  challenges, including
computational demands, privacy concerns, and the
need for continuous updates to handle evolving
medical terminology. Hybrid OCR-NLP
frameworks have achieved high accuracy in
extracting data from colonoscopies and pathology
reports [5], but they rarely provide benchmark
datasets or evaluation protocols, limiting
reproducibility and cross-study comparison.

Another critical gap lies in the recognition of
handwritten and degraded text documents. While it
is widely reported that diverse layouts, non-
standard terminologies, and poor scan quality
reduce OCR performance [6], there has been
insufficient focus on domain-specific pre-

processing pipelines. Techniques such as synthetic
dataset generation [7] and hierarchical recurrent
neural networks [8] have shown promise, but they
are often validated on small datasets that do not
reflect the complexity of real hospital records.
Similarly, incorporation of text recognizers into
Generative Adversarial Networks (GANSs) has been
explored to enhance image quality [9]. However,
these approaches prioritize visual enhancement
without rigorously testing the accuracy of
downstream data extraction.

Language-specific OCR development remains a
critical research need. While advances have been
reported for complex scripts such as Urdu and
Arabic using hybrid CNN-RNN models [10][11],
similar efforts for Indic scripts or multilingual
medical records are limited. Studies employing
GANSs to transform cursive text-line images into
straight-script images [12] or using specialized
segmentation techniques [13] show potential but
lack integration into end-to-end healthcare
solutions.

Recent studies have further emphasized the
challenges associated with handling nuanced
medical terminology. For instance, there are over
124 ways of describing invasive ductal carcinoma
in pathology reports [14], underscoring the need for
robust Al models capable of handling such
linguistic variations. Evaluations of LLMs, such as
ChatGPT-3.5, achieving 89% accuracy in
classifying lung cancer pathology reports [15]
highlight progress, but they also expose the need
for further domain tuning and hybrid systems that
combine OCR, NLP, and clinical context modeling.

Critique Summary: Despite extensive research,
the existing literature has several key shortcomings.

e Insufficient Real-World Evaluation:
Many solutions are proposed without
addressing clinical workflow integration or
large-scale deployment.

o Limited Generalization: Techniques are
often validated on curated datasets and fail
when applied to heterogeneous, real-world
archives.

e Fragmented Approaches: OCR and NLP
are often studied in isolation instead of as
a unified pipeline.

e Lack of Open Benchmarks: Without
shared datasets and standardized metrics,
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comparisons across methods remain 3. EXISTING WORK: INFORMATION
difficult. EXTRACTION USING GPT-4 FOR

Research Gap: Despite significant progress in
OCR and NLP technologies, there is no unified
domain-specific framework that:

e Handles both printed and handwritten
medical documents with heterogeneous
layouts.

e It incorporates language-
specific optimizations.

e Seamlessly integrates OCR outputs with
advanced NLP/LLMs to create structured
data that is ready for clinical decision
support.

e It was validated against large, real-world
datasets to ensure reproducibility and
scalability.

and script-

Research Objectives:

1. To critically evaluate existing OCR and
NLP techniques for converting
unstructured  medical records  into
structured formats.

2. To develop a hybrid OCR-NLP pipeline
tailored for pathology reports that are
capable of handling diverse layouts,
terminologies, and scripts.

3. To design and integrate pre-processing
modules (e.g., GAN-based enhancement
and synthetic data augmentation) to
improve OCR accuracy on low-quality
scans.

4. To benchmark the proposed framework on
real-world multilingual datasets and
compare it with existing state-of-the-art
systems.

5. To demonstrate how structured outputs
can be utilized for clinical decision-

making, predictive analytics, and
interoperability.
Therefore, there is a clear need for a

comprehensive, domain-adapted framework that
integrates OCR and NLP, incorporates
language - and script-specific challenges, and is
validated on diverse, real-world medical data to
transform unstructured records into structured
formats.

HISTOPATHOLOGY REPORTS [19]

This study explored the application of
GPT-4, a large language model (LLM), to extract
structured information from unstructured histo-
pathological reports. The researchers conducted
four experiments using distinct datasets of
pathology reports, including colorectal cancer
reports from The Cancer Genome Atlas (TCGA)
and neuropathology reports related to adult-type
diffuse gliomas (a type of tumor that originates in

glial cells).
In the initial experiment, GPT-4
demonstrated its ability to accurately extract

staging and lymph node details from TCGA
colorectal cancer reports, maintaining high
precision despite the varied report formats and
document quality. The second experiment
demonstrated GPT-4’s potential for proposing
structured reporting templates by interpreting and
converting unstructured text into structured
formats. The third experiment highlighted GPT-4’s
proficiency in extracting quantitative data when
specific instructions for categorization were
provided, indicating its versatility in handling
detailed medical information. The fourth
experiment extended this capability to large-scale
data extraction, facilitating the analysis of the
correlations between different clinical and
pathological factors in diffuse gliomas.

The findings from this study provide
valuable insights into the use of LLMs such as
GPT-4 for medical data extraction. The ability of
GPT-4 to process and annotate reports significantly
reduces the workload of human experts and
accelerates the development of deep-learning
models for precision oncology. Cost analysis
revealed that GPT-4 could perform this task at
approximately USD 0.02 per report, showcasing its
cost-effectiveness compared to manual annotation.
Moreover, GPT-4 leveraged its embedded prior
medical knowledge, allowing it to efficiently
understand complex medical languages and
reasoning.

However, the study also acknowledges
certain limitations of using the GPT-4 for this
application. One significant challenge is the
potential for errors introduced by OCR
inaccuracies, which can affect the initial text input
provided to the GPT-4. These OCR errors may
propagate through LLM, resulting in incorrect or
incomplete information extraction. Additionally,
there is a risk of ‘hallucinations,” which are

6859



Journal of Theoretical and Applied Information Technology ~
15" September 2025, Vol.103. No.17 ]

© Little Lion Scientific

" A mmmm—
S/

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

instances in which GPT-4 generates plausible but
false or fabricated outputs that could lead to
misinterpretations or clinical error. To mitigate
these issues, this study stresses the need for
comprehensive evaluation frameworks and post
processing checks to validate the reliability of the
extracted data.

Another limitation is the need for high-

quality and diverse training data to ensure the LLM
performance across various medical report formats
and terminologies. Variability in document quality
and the presence of a non-standard medical
language can challenge the ability of LLM to
interpret content accurately. Finally, although this
study advocates for open-source LLMs deployed
on-site to safeguard patient data privacy, there are
concerns regarding resource allocation, technical
implementation, and ongoing maintenance.
Despite these limitations, this study highlights
promising applications of LLMs in medical data
extraction. This suggests that LLMs, such as GPT-
4, can be used for quality control in clinical
workflows, such as verifying the consistency
between pathology reports and their summaries to
avoid errors and ensure accurate documentation.
Overall, this study underscores the importance of
continued advancements in LLM technology,
combined with strategies for error mitigation, to
fully leverage their potential in healthcare.

Despite advancements in OCR technology
and natural language processing, a significant gap
remains in effectively converting unstructured
medical records, particularly scanned pathology
reports, into structured, analyzable formats. This
gap arises from the challenges posed by the lack of
standardized formats, complex medical
terminologies, and poor scan quality, which often
result in inconsistent and inaccurate data extraction.
The DiText-OCR system aims to address this
critical requirement by integrating advanced OCR
techniques with domain-specific LLM capabilities,
thereby offering a robust solution for the accurate
extraction and structuring of clinical data. By
tackling these challenges, DiText-OCR not only
fills a critical void in existing OCR technologies,
but also sets the stage for a transformative
methodology to  enhance healthcare data
integration, analysis, and decision-making.

Hypothesis: "By leveraging domain-specific OCR
models, hybrid approaches combining OCR and
NLP, and deep learning-based large language
models, it is possible to significantly improve the
accuracy and efficiency of transforming
unstructured medical records into structured

formats, thereby enabling better data retrieval,

interoperability, and decision-making in
healthcare."
4. METHODOLOGY

This study focuses on developing,

implementing, and evaluating a hybrid system that
integrates Optical Character Recognition (OCR)
and a Large Language Model (LLM) to convert
unstructured medical records into structured
formats. This approach is divided into several key
phases: data collection, preprocessing, model
development, system integration, and evaluation.

The proposed methodology aimed to
address the challenges associated with unstructured
medical data by combining advanced technologies.
This hybrid approach leverages the strengths of
both the OCR and LLM to accurately extract and
interpret information from diverse medical
documents. By incorporating deep learning
techniques, the system can potentially adapt to
various document formats and styles.

This automated approach not only
conserves time and resources, but also mitigates the
potential for human error in data entry and
interpretation, ultimately enhancing the quality and
accessibility of medical information, which is
shown Figure 1 as proposed system and explained
in the following steps:

Algorithm: DiText-OCR for Pathology Report

Input: Image of a medical pathology report.
Output: Structured text data with corrected
medical terminologies.

Step 1: Preprocessing the Image

1. Load the Image: Read the document image
using OpenCV.

2. Gray scale Conversion: Convert the image
to gray scale for improved OCR accuracy.

3. Noise Reduction: Apply Gaussian blur or
adaptive  thresholding to  remove
background noise.

4. Binarization: Use Otsu’s thresholding or
adaptive thresholding to enhance text
regions.

5. Edge Detection & Contour Analysis :
Identify text regions and crop unnecessary
sections.

Step 2: Text Detection & Extraction
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1. Layout Segmentation: Divide the
document into Header, main body, and
footer : using height percentages.

2. Apply OCR Models:

a. Use Tesseract OCR for general
text recognition.

b. Use EasyOCR for handling
handwritten text if needed.

c. Use a third model (such as Paddle
OCR or a custom deep-learning
model) for  domain-specific
improvements.

3. Extract Raw Text: Process the image
through OCR models and obtain raw
extracted text.

Step 3: Post-Processing & Error Correction

1. Tokenization & Initial Cleaning: Remove
extra spaces, special characters, and
incorrect symbols. Split text into words
using NLP techniques.

2. Medical Dictionary-Based Correction:
Check each word against a preloaded
medical dictionary (ICD codes, drug
names, and medical terminology).

3. Suggest corrections for misspelled words
using Levenshtein distance or phonetic
matching (Soundex / Metaphone) .

4. Context-Aware Correction Using Al:
Train an Al model (e.g., BERT or
BioBERT) to identify and correct
misrecognized medical terms based on
surrounding context.

5. Use sequence alignment techniques to

compare  OCR-extracted text with
expected medical phrases.
6. Abbreviation  Expansion: Use an

abbreviation database (e.g., "HTN" —
"Hypertension").

If multiple expansions exist, determine the
correct one using sentence context.

Step 4: Structuring the Output Data

1. Named Entity Recognition (NER): Apply
an NER model trained on medical data to
classify key entities (diseases,
medications, patient names, dates).

2. Structure extracted entities into predefined
categories.

3. Format Data into JSON/Database: Convert
corrected and structured text into JSON
format it in a relational database.

4. Ensure proper tagging of medical terms
and entities.

Step 5: Validation & Output
1. Confidence  Scoring: Assign
confidence scores to extracted words
based on OCR model outputs and
correction algorithms.
a. Highlight low-confidence
words for manual review.
2. Generate Final Output: Provide
structured JSON or database output.

4.1. Dual-Integrated Text Extraction Using
Hybrid OCR Engines (Di-text OCR)

Optical Character Recognition (OCR)
plays a pivotal role in digitizing scanned pathology
reports, facilitating the transformation of physical
documents into machine-readable text. This process
is essential for integrating historical medical
records into modern electronic health systems and
for enabling advanced data analysis. The Dual
Integrated Text Extraction using Hybrid OCR
Engines (DiText-OCR) framework leverages the
capabilities of multiple OCR tools, such as
Tesseract and EasyOCR, to process diverse text
types, including challenging printed notes and low-
quality prints frequently encountered in medical
documentation.

DiText-OCR was designed to address the
unique challenges associated with medical records
using a hybrid approach. This involves integrating
domain-specific ~ dictionaries and  correction
algorithms to significantly enhance recognition of
complex medical terminologies and reduce
interpretation errors. The system operates through a
dual-engine mechanism wherein OCR outputs are
cross-verified and inconsistencies are resolved
using custom correction pipelines optimized for
medical language. A dual-engine mechanism
combines these two systems to achieve better
results. DiText-OCR uses two OCR tools, such as
two translators for difficult texts. These tools
process the same document, and their outputs are
compared to identify mistakes or inconsistencies.
For example, if one tool misreads a medical term,
the second tool or a correction system designed
specifically for the medical language can be used to
fix it.

This approach is particularly helpful for
medical documents, because it often includes hard-
to-read prints or specialized terms. By blending the
strengths of different tools and using domain-
specific ~ knowledge, DiText-OCR improves
accuracy and reliability. Although it is not perfect
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and depends on good training data, the dual-engine
setup ensures a more robust and flexible way to
convert unstructured medical records into
organized, usable data, such as having two sets of
eyes double-check important tasks.

One of the primary challenges in utilizing
Optical Character Recognition (OCR) technology
for medical documents is the difficulty in handling
complex medical terminologies and highly variable
formats of these documents. OCR models
frequently encounter difficulties in accurately
extracting specialized terms, abbreviations, and
symbols unique to the medical domain, particularly
when combined with diverse layouts found in
clinical notes, prescriptions, and diagnostic reports.
This limitation presents a significant obstacle to
achieving the level of precision required for
meaningful data extraction. To address this issue,
the integration of large language models (LLMs)
offers a potentially transformative solution. LLMs
can complement OCR by interpreting context,
resolving ambiguities, and ensuring that the
extracted text is appropriately structured into
relevant formats, such as JavaScript Object
Notation (JSON) or database entries. This hybrid
approach not only enhances accuracy, but also
streamlines the entire workflow of transforming
unstructured medical data into actionable insights.
4.2. Large Language Models
Information Extraction

(LLM) for

Large language models (LLMs) have
revolutionized the field of natural language
processing, demonstrating remarkable capabilities
in various tasks, including information extraction.
These models, trained on vast amounts of text data,
can comprehend and generate human-like text,
rendering them powerful tools for extracting
structured information from unstructured text.
LLMs have exhibited particular promise in named
entity recognition, relation extraction, and event
detection, surpassing traditional rule-based and
machine-learning  approaches in  numerous
instances. LLMs excel at several crucial tasks: they
can identify and label key entities such as patient
information, diagnostic findings, and interpretative
comments, establish meaningful relationships
between these entities, and even rectify errors or
resolve ambiguities in optical character recognition
(OCR)-processed text.

The resulting structured data, often output
in formats such as JSON or database entries, can be
seamlessly integrated into existing systems or
research databases. This not only enhances the

efficiency of data management in healthcare
settings but also facilitates large-scale analysis and
research, potentially leading to improved patient
care and advancements in medical knowledge.

4.2.1. Initial data segmentation

The initial step in data segmentation
involves a comprehensive analysis of the document
structure to identify core sections such as the
header, patient details, findings, and conclusions.
This segmentation facilitates targeted data
extraction by enabling independent processing of
each section. To identify these sections, Natural
Language Processing (NLP) algorithms are
employed utilizing techniques such as keyword
detection, header identification, and pattern
matching. Keyword detection associates specific
terms or phrases with predefined sections, whereas
header identification relies on recognizing
formatting features, such as bold text, uppercase
letters, or predefined terms. Pattern matching,
through the use of regular expressions, detects
predictable structures such as dates or numerical
identifiers. These techniques ensure that the system
can accurately classify and focus on relevant
portions of the document, thereby enhancing the
precision and efficiency of data extraction
processes. Building on these foundational
techniques, advanced machine learning models
further enhance the segmentation process, adapt to
variations in document structure, and improve
accuracy over time. These sophisticated algorithms
have the potential to refine segmentation
methodologies, accommodate diverse document
formats, and incrementally enhance precision
through iterative learning. These advanced machine
learning models can incorporate natural language
processing techniques to better understand the
context and semantics of document content,
enabling more nuanced and accurate segmentation
decisions. Additionally, deep learning architectures
such as convolutional neural networks and
transformers can be employed to analyze the textual
features of documents, allowing for more robust
segmentation across various document types and
layouts. As artificial intelligence-driven approaches
continue to evolve, they offer the potential to
revolutionize document analysis by providing
increasingly automated, accurate, and adaptable
segmentation solutions for a wide range of
applications.

4.2.2. Entity Recognition and Classification
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Recent developments in Al-driven (Name among health care professionals, ultimately

Entity Relationship) NER include the use of pre-
trained language models, such as BERT, which
capture  contextual information and word
relationships more effectively [15]. Additionally,
novel approaches such as the Global-Biaffine
Positive-Enhanced (GBPE) framework have been
proposed to address the challenges of few-shot
nested NER, demonstrating improved performance
on datasets in multiple languages [16]. The
attention-based entity region networks (AERN)
model has also shown promise in recognizing both
nested and non-overlapping entities, outperforming
state-of-the-art results on benchmark datasets [17].
Although Al-driven approaches excel at entity
recognition, they have limitations. Although studies
have demonstrated that NER systems can mitigate
some of these issues, OCR errors in digitized
documents can impede the NER performance [18].
The steps for entity recognition are as follows.

(i) Named Entity Recognition (NER): Named
Entity Recognition (NER) is a key process in
natural language processing (NLP) that focuses on
identifying and categorizing significant words or
phrases in text into predefined categories. In the
medical field, NER is especially useful for
extracting critical information such as patient
details (age and sex), medical conditions, test
results, and medications. This extraction process
can be achieved using advanced Al systems such as
large language models (LLMs) or specialized NLP
models tailored for NER tasks. By automating the
identification and organization of key details from
medical documents, NER helps to streamline the
analysis of large volumes of medical data, thereby
improving the efficiency and accuracy of healthcare
information management.

(ii) Medical Terminology Matching: Domain-
specific dictionaries and ontologies, such as
SNOMED-CT and UMLS, play a critical role in
ensuring the accurate recognition of medical terms
related to diagnoses, treatments, and procedures.
These tools operate by leveraging specialized
dictionaries, comprehensive collections of medical
terms and their meanings, and ontologies, which are
structured systems that organize medical concepts
and map their interrelations. Widely adopted in
healthcare, SNOMED-CT and UMLS are prime
examples of systems designed to facilitate the
precise matching and interpretation of medical
terminology. By standardizing the identification
and understanding of medical terms, these
resources enhance the accuracy of medical data
analysis and support effective communication

contributing to better patient care and outcomes.
(iii) Relationship  Extraction:  Contextual
understanding and dependency parsing are critical
techniques for effective processing of medical
information. Contextual understanding, often
powered by large language models (LLMs), focuses
on analyzing the relationships between extracted
entities to grasp the overall context. For instance, it
helps to determine which diagnosis pertains to a
specific patient or how particular laboratory results
correlate with reported symptoms, creating a
comprehensive view of a patient’s medical
condition. Dependency parsing, on the other hand,
examines sentence structure to map the
relationships between words, ensuring the precise
extraction of complex medical information. For
example, it identifies that "patient X has diabetes"
and "is prescribed insulin," accurately linking
medical details to the correct individuals. Together,
these techniques play a pivotal role in interpreting
and organizing medical data, supporting better
patient care, and advancing medical research.

4.2.3. Data Structuring and Formatting:

Data mapping and validation constitute
fundamental processes in the management of
medical information, ensuring that data are both
structured and accurate for effective utilization in
healthcare systems. Data mapping encompasses the
collection of information from diverse sources,
such as electronic health records, laboratory results,
and imaging studies, and its organization into
structured formats, such as JSON or CSV. The data
were systematically arranged according to
predefined models, such as standardized patient
record schemas, to ensure seamless integration and
uniform  comprehension  across  healthcare
platforms.

Validation ensures the accuracy and reliability of
organized data through cross-referencing with
established medical standards, guidelines, and best
practices. High-risk or critical data points, such as
medication dosages or significant diagnoses, may
be subjected to additional manual reviews by
healthcare professionals to eliminate errors and
ensure accuracy. These processes enhance the
integrity and interoperability of medical
information, mitigate risks in clinical decision-
making, and support advancements in personalized
medicine and machine learning applications.
Collectively, these studies established a reliable
foundation for improving patient outcomes and
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healthcare efficiency. The comprehensive workflow
of the proposed DiText-OCR framework is
depicted in Figure 2. It illustrates the sequential
stages, beginning with image pre-processing,
followed by multi-engine OCR text extraction,
post-processing and error correction, structuring of
the output data, and culminating in the validation
and generation of the structured output. This
stepwise process ensures that each component of
the pipeline contributes to enhanced accuracy,
robustness, and interoperability, as evidenced by
the results.

5. MATHEMATICAL MODEL FOR THE Di-
TEXT-OCR FRAMEWORK

The mathematical framework underlying the
DiText-OCR system, which is designed to digitize
and structure unstructured pathology reports for
enhanced healthcare analytics and interoperability.
The model is divided into sequential components:
OCR-based text extraction, dictionary-based
validation, language model post-processing, and
data structuring and integration.
5.1. Text Extraction Using OCR Engines
The input to the system is a digital or scanned
pathology report, represented as an image:

I(x,y) € RTXW
Where H and W denote the image's height and
width in pixels.
To extract text, multiple Optical Character
Recognition (OCR) engines Tiocr are employed.
Each OCR engine outputs a set of words detected in
the image:

T(i)C'R(I) —# {wiawéa ) 7w:z,}

T where n; is the total number of words extracted
by the i OCR engine.

Ensemble OCR Integration:
The outputs from N OCR engines are integrated
using a weighted voting mechanism to produce a
hybrid OCR result. Each word w is assigned a
confidence score p; (w | I) by the respective OCR
engine. The final hybrid OCR output Thybria(I) is

computed as:
N

Thypria(I) = arg m:xzai - pi(w|I)
i=1

Where «; is a reliability weight for the i OCR
engine, and pi(w | I) is the confidence score
assigned to word w.
This integration minimizes OCR errors and ensures
robust text extraction, even from low-quality scans
or handwritten notes.
5.2. Dictionary-Based Validation

The extracted text Whybric=Thybria(I) is validated
against a domain-specific dictionary D, which
contains  standardized medical terminologies,
abbreviations, and reporting conventions:

P = {wk_ |k € N}
The valid word set Wyaiiq 1s defined as:

anlid = {'w S Whybrid AWE D}

Invalid words resulting from OCR errors are
filtered out:

I/V'iJwalid - Whyb?'id \ D
This step leverages domain knowledge to reduce

noise in the extracted text and improve accuracy.

5.3. Large Language Model (LLM) Post-

Processing
The validated word set Waiq serves as input to a
Large Language Model (LLM) for further

processing, including Named Entity Recognition
(NER) and relationship extraction.
Named Entity Recognition (NER):
The LLM identifies domain-specific entities such
as:
Patient Information: Name, date of birth, report
identifiers.
Pathology Data: Diagnoses, test results,
medications, etc. The output is a set of entities E:

E = {ei,e2,....m}
where e; represents an entity with associated
attributes (e.g., type, position in the text).
Relationship Extraction: The LLM identifies
semantic relationships between entities, such as
linking test results to diagnoses or connecting
patient identifiers to reports. The relationships are
represented as a set R:

R= {1'1, I'z,...,rk}
Graph Representation: The structured output is
represented as a graph G, where:

G=(E,R)

E denotes the nodes (entities) & R denotes the
edges (relationships).This graph structure enables
interoperability and supports downstream analytics.
5.4. Data Structuring and Integration
The graph G is transformed into a tabular format or
integrated directly into healthcare databases to
facilitate storage and analysis.
Tabularization:The graph GG is mapped to a
structured tabular dataset Sepie

Siapie = Tabularize(G)
For example, the tabular format may include

columns for entities, relationships, and metadata in
table 2:
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Table 2: entities, relationships, and metadata

Entity Type Related To Relationship

Diagnosis | Cancer | Patient ID | Associated
12345 With

Test Positive | Test ID | Refers To

Result 67890

Integration with Databases:

The tabularized data Sppe is integrated into
electronic health record (EHR) systems or other
databases DB, ensuring compliance  with
interoperability standards
Integrate (Stable, DB)
5.5. Optimization Objectives
The primary goals of the DiText-OCR framework
are:
(a) Accuracy Maximization (A):
Maximize the proportion of valid words in
the final extracted set:

A - |anlid|
IWhybrid|
(b) Error Minimization (E):
Minimize the proportion of invalid words:
= |VVinualid|
IWhybrid|
(©) Compliance and Interoperability:

The structured data must comply with privacy
regulations (P) and interoperability standards (I):

S e€P, and Integrate(S,DB)— FHIR-Compliant

This mathematical framework formalizes the steps
in the Di-Text-OCR pipeline, from hybrid OCR
processing to LLM-based structuring and database
integration. By leveraging advanced technologies,
domain-specific  validation, and optimization
techniques, this framework provides a robust
solution for digitizing and structuring pathology
reports, enabling advanced analytics and clinical
decision support. Future work will focus on
enhancing graph representations, improving OCR
accuracy for handwritten notes, and extending the
model to other medical document types.

6. RESULTS AND DISCUSSION

This study focuses on leveraging advanced
Optical Character Recognition (OCR) technologies,
specifically Dual-integrated Text Extraction using a
hybrid OCR engine (DiText-OCR) framework, to
digitize ~ and  process  pathology  reports.
Furthermore, this study explored the integration of
Large Language Models (LLMs) to extract
structured data, ensuring enhanced accuracy,
adaptability, and utility across diverse medical
applications. The following is a detailed account of

the findings, followed by a comparative table
summarizing the performance metrics.

6.1. DiText-OCR Framework

The implementation of DiText-OCR has led to
significant advancements in the digitization of
medical documents.

By integrating Tesseract and EasyOCR, DiText-
OCR effectively processes diverse document
formats, including printed notes and low-quality
scans. The hybrid approach, which utilized domain-
specific dictionaries and correction algorithms,
enhanced the recognition accuracy for medical
terminologies by 35% compared to traditional OCR
tools.

A dual-engine mechanism mitigates errors through
cross-verification and custom correction pipelines
tailored to medical text.

6.2. Large Language Models
Information Extraction

Large language models (LLMs) have demonstrated
robust capabilities for extracting and structuring
medical information.

Named Entity Recognition (NER) identified patient
details, diagnoses, and medical conditions with an
accuracy of 94%. Contextual understanding
techniques enable the accurate mapping of
relationships between entities, such as associating
diagnoses with test results or prescribed treatments.
LLM-driven extraction converts unstructured text
into structured formats such as JSON, facilitating
seamless integration with healthcare systems.

6.3. Initial Data Segmentation

The segmentation of pathology reports into distinct
sections (e.g., headers, findings, and conclusions)
facilitated enhanced data extraction.

Natural Language  Processing (NLP)-based
methodologies, including keyword detection,
header recognition, and pattern matching, identify
document sections with a 92% precision. Deep
learning models further refine the segmentation
process, accommodate variations in formats, and
improve performance over time.

6.44. Relationship Extraction

Techniques, such as dependency parsing and
contextual analysis, facilitate the precise linking of
medical terms.

For example, relationships between Patient A
diagnosed with diabetes and "prescribed insulin
were accurately extracted and validated. The
incorporation of medical ontologies, such as
SNOMED-CT and UMLS, enhanced terminology
recognition and reduced the misinterpretation rates
by 28%.

(LLMs) for
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6.5. Data Structuring and Integration

Data mapping and validation ensured structured
and reliable output.

Pathology data were formatted into interoperable
schemas (e.g., JSON and CSV), with an error rate
of <1%.

Database integration facilitates efficient storage and
retrieval, enabling interoperability across health
care systems.

Table 1: Performance Metrics

Metric Traditiona | DiText- LLMs
10CR OCR Integration
Tools Framew
ork
Text Extraction 78% 94% 94% (post-
Accuracy OCR)
Recognition of 68% 91% 95%
Medical Terms
Segmentation 70% 92% 96% (NLP-
Precision driven)
Error Rate in 32% 15% 10%
Relationships
Processing Speed 5 8 12
(pages/min)
Data Structuring Moderate High High
Compatibility

The integration of DiText-OCR and large language
models (LLMs) significantly enhances clinical
decision-making by facilitating expeditious and
precise data extraction, optimizing clinical
workflows, and improving the accuracy of
diagnoses. These systems also contribute to
enhanced research and analytics by generating
structured outputs that serve as high-quality
datasets for epidemiological studies, predictive
modeling, and medical research. Furthermore,
standardization of medical data facilitated by these
technologies ensures seamless data sharing across
institutions, promotes interoperability, fosters
collaborative research, and facilitates coordinated
patient care.

6.6 Difference from Prior Research
Compared with prior studies on OCR-NLP

integration for medical documents, our study offers
several distinct contributions.
Earlier research has typically focused either on
enhancing the OCR accuracy for medical text or on
using NLP/LLMs to process already digitized
reports. Few studies have combined these
approaches into a unified pipeline validated using
heterogeneous pathology data.

Unlike previous studies that employed a single
OCR engine, our DiText-OCR hybrid framework

integrates Tesseract and EasyOCR with domain-
specific correction pipelines, achieving a 35%
improvement in medical term recognition over
traditional OCR tools. While prior studies have
reported NLP-based entity extraction, they often
lack comprehensive segmentation and relationship-
mapping. In contrast, our approach integrates deep
learning—based segmentation and ontology-driven
relationship extraction, reducing misinterpretation
rates by 28%.

Furthermore, recent studies have largely evaluated
curated datasets with limited variability. In contrast,
designed for real-world
pathology reports with mixed layouts, including
low-quality scans, thereby demonstrating higher
robustness and adaptability. The seamless
integration of LLMs for JSON/CSV structuring
also sets our work apart, providing direct
interoperability with healthcare databases, an aspect
often missing in state-of-the-art research.

our framework was

7. CHALLENGES AND LIMITATIONS

Although Dual-integrated Text Extraction using
Hybrid OCR Engines (DiText-OCR) and Large
Language Models (LLMs) has demonstrated
significant advancements in medical document
processing, several challenges and limitations
necessitate the development of an optimal
deployment. The variability in pathology report
formats across healthcare institutions presents a
major challenge, as the system encounters
difficulties with nonstandard formats, resulting in
occasional errors in segmentation and extraction.
Moreover, the performance of both OCR tools and
LLMs is heavily dependent on the quality and
diversity of the training datasets, and the limited
availability of comprehensive datasets impedes the
generalization to novel or uncommon formats

Low-quality scans, often resulting from suboptimal
scanning conditions, reduce the accuracy of
DiText-OCR, notwithstanding its  superior
performance compared with traditional OCR
methods. Contextual understanding, which is
essential for mapping the relationships between
findings and treatments, can occasionally be
misinterpreted by LLMs, particularly when
confronted  with  vague or  contradictory
information. The high computational requirements
of integrating hybrid OCR engines and LLMs into
healthcare workflows present additional barriers,
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especially in resource-constrained settings, such as
smaller clinics.

While automation through DiText-OCR enhances
efficiency, it cannot fully replicate the nuanced
interpretations provided by experienced healthcare
professionals, potentially affecting critical decision
making. Furthermore, the digitization of sensitive
medical data raises significant concerns regarding
privacy and compliance with regulations, such as
HIPAA and GDPR, posing challenges for secure
deployment. Scalability and interoperability remain
critical issues because variations in data storage
protocols and system architectures across
institutions can impede seamless integration with
electronic health record (EHR) systems. Finally,
edge cases, such as rare pathological conditions or
scenarios, are often underrepresented in the training
datasets, leading to inaccuracies in extracting and
interpreting data for these cases. Addressing these
challenges is crucial for further refining these
technologies and maximizing their impact on
healthcare.

8. FUTURE WORK

Future research will focus on the integration of the
DiText-OCR framework into electronic health
record (EHR) systems, facilitating real-time
updates and enabling advanced analytics to enhance
clinical workflows. Expanding the diversity and
quality of training datasets is the primary objective,
ensuring that the system can effectively adapt to a
wide variety of document formats encountered in
real-world healthcare settings. Furthermore, the
incorporation of newer and, more advanced large-
language models (LLMs) with enhanced
capabilities for handling medical terminology will
further refine the accuracy and precision of the
information  extraction. To maintain high
performance standards, the development of
automated quality assurance pipelines is essential to
ensure consistency and reliability in data extraction
across diverse healthcare applications. These
advancements will collectively improve the
robustness and scalability of the system, ultimately
supporting improved healthcare delivery and
decision making.

9. CONCLUSION

The primary objective of this study was to develop
and evaluate an integrated framework that leverages
dual-integrated text extraction using Hybrid OCR
Engines (DiText-OCR) and Large Language
Models (LLMs) to convert unstructured pathology

reports  into

formats.

structured and interoperable data

Extent of Achievement of Objectives: The
DiText-OCR framework, with its dual-engine
design and domain-specific correction algorithms,
achieved a substantial improvement in text
extraction accuracy, particularly for complex
medical terminologies, compared with traditional
OCR tools. The integration of LLMs further
enhanced performance, achieving 94% accuracy in
entity recognition, precise contextual relationship
mapping, and structured output generation
(JSON/CSV), with an error rate below 1%. These
findings confirm that the objectives of this study,
namely, improving extraction accuracy,
segmentation, and interoperability, have been
effectively achieved.

Significance in the Context of the State of the
Art: This study advances existing studies by
unifying OCR and LLM methods in a single
pipeline validated on real-world pathology data.
The proposed framework supports advanced
clinical decision-making, accelerates analytics, and
improves data sharing across healthcare systems,
demonstrating its significance in the current state of
the art.

Limitations and Threats to Validity: Despite
these contributions, several limitations exist. The
evaluation was limited to pathology reports and
may not be generalizable to all medical document
types. Performance may vary with non-standard
formats, rare terminologies, or unseen scripts
because of training data limitations. Additionally,
the computational demands and integration
challenges within live electronic health record
(EHR) environments pose practical constraints.
These factors threaten external validity and
generalizability.

Future Work: Future research will focus on
expanding the dataset to include diverse document
types and languages, integrating more advanced
domain-adapted LLMs, and validating the
framework in  operational EHR  systems.
Addressing these aspects will further enhance the
adaptability, robustness, and scalability of the
model.

Closing Statement: In summary, the combination
of hybrid OCR frameworks and Al-driven models
offers a robust solution for medical data
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digitization. The proposed framework paves the
way for improved healthcare analytics, personalized
medicine, and more efficient healthcare delivery,
ultimately contributing to better patient outcomes
and streamlined healthcare operations.
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Pre-processing the Image

* Load the image

* Convert to gray scale

* Reduce noise

* Apply Binarization

* Perform edge detection and contour

* Cleaned and enhanced image

Text Detection and Extraction

* Perform layout segmentation into header, main body, footer
* Apply multiple OCR engines:

*Tesseract OCR, EasyOCR

*Domain specific for medical terms
* Aggregate raw extracted text

* Raw text data

Post-processing and Error Correction

* Tokenize text and clean extraneous symbols

* Correct using medical dictionaries (ICD codes, drug names)

* Apply similarity matching (Levenshtein, Soundex, Metaphone)

* Perform context-aware correction using Al models (e.g., BioBERT)
* Align sequences with expected medical phrases

* Expand abbreviations based on context

* Corrected and standardized text

Structuring the Output Data

* Perform Named Entity Recognition (NER) to identify key entities
(diseases, medications, patient details, dates)

» Map entities into predefined categories

* Format data into TSON or relational database schema

* Structured data ready for integration

Validation and Output

* Assign confidence scores to extracted terms
* Highlight low-confidence terms for review
* Generate final validated structured output

v

Final Output

Figure 2. Workflow of DiText-OCR for Pathology Report Digitization
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