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COMPARATIVE STUDY OF TRANSFORMER-BASED AND INTELLIGENT DOCUMENT ANALYSIS
METHODS FOR AUTOMATED EXTRACTION OF MEDICAL DATA FROM PDF DOCUMENTS

This paper presents a study on automated processing of medical laboratory reports in PDF format, with a focus on text recognition and structured
information extraction. The research investigates the effectiveness of different approaches to optical character recognition (OCR), including classical
methods and transformer-based models, as well as techniques for extracting key medical data from unstructured and semi-structured text. A comparative
experimental analysis was conducted using medical documents with different structural characteristics, including tabular and text-based formats. The
study evaluates the performance of OCR methods and extraction pipelines using a set of quantitative metrics, including Character Error Rate (CER),
Word Error Rate (WER), Exact Match (EM), Precision, Recall, and F1-score. The obtained results demonstrate that OCR accuracy alone does not
guarantee high-quality structured data extraction, as recognition errors significantly affect downstream processing and reduce the reliability of extracted
information. Special attention is given to layout-aware approaches that utilize the structural properties of PDF documents. The proposed method based
on direct text extraction using pdfplumber shows superior performance by preserving spatial relationships between document elements and eliminating
the need for OCR in documents with an embedded text layer. This approach ensures higher stability and accuracy when processing structured medical
data. The findings highlight that the main challenge in processing medical documents lies in the extraction stage rather than in text recognition. The
study demonstrates the importance of integrating layout-aware and intelligent extraction methods for improving the reliability, robustness, and scalability
of automated data processing systems. The proposed approach can be used as a foundation for developing medical information systems and decision

support tools aimed at efficient and accurate clinical data management.

Keywords: optical character recognition, information extraction, medical documents, medical data processing, layout-aware methods, data
extraction, document analysis, decision support systems, artificial intelligence tools.

Introduction. In the context of the rapid digitalization
of healthcare systems, the efficient processing of medical
documentation has become a critical task for modern
medical institutions. Laboratory test results represent an
essential component of clinical information and are widely
used for diagnosis, treatment planning, and monitoring of
patient conditions. In practice, such results are often
distributed in the form of PDF documents, which are
convenient for human reading but difficult to process
automatically due to their unstructured or semi-structured
nature.

The increasing volume of medical data and the need
for its integration into clinical information systems and
decision support tools significantly intensify the demand
for automated document analysis methods. Manual data
entry remains a common practice; however, it is time-
consuming, error-prone, and does not scale efficiently in
real-world healthcare environments. Additionally, the
absence of standardized formats for laboratory reports leads
to substantial variability in document structure, layout, and
content representation, which further complicates automa-
ted processing.

Recent advances in the field of intelligent document
processing, including optical character recognition (OCR)
and machine learning-based information extraction
methods, have opened new opportunities for addressing
these challenges. In particular, transformer-based models
have demonstrated high performance in text recognition
tasks, while layout-aware approaches enable the incorpo-
ration of spatial information into document understanding.
At the same time, traditional rule-based extraction methods

remain widely used due to their simplicity and inter-
pretability, despite their limited ability to generalize across
heterogeneous document formats.

In this context, the problem of automated extraction
of structured data from medical PDF documents requires a
comprehensive analysis of different methodological
approaches. It is important to evaluate not only the quality
of text recognition but also the impact of OCR output on
subsequent information extraction stages. Therefore, the
present study focuses on the comparative analysis of
transformer-based OCR methods, classical recognition
approaches, and layout-aware document analysis techni-
ques for the automated processing of medical laboratory
documents.

Analysis of research and publications. Recent studies
indicate that automated processing of medical docu-
mentation is increasingly approached as an integration of
natural language processing, optical character recognition,
and intelligent information extraction methods. In the
review by Patil and Golbhavi [1], healthcare NLP is
described as a rapidly evolving field that has moved from
symbolic and statistical methods toward deep learning and
transformer-based architectures. Similar conclusions are
presented in [14], where transformer-based NLP techni-
ques are shown to improve the extraction of clinically
relevant entities and the analysis of unstructured medical
text. The strategic role of NLP in medical documentation is
also emphasized in [19].

A substantial body of research focuses on Named
Entity Recognition as a core mechanism for transforming
unstructured medical text into structured data. In [4], the
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authors show that transformer-based NER models consis-
tently outperform traditional rule-based and statistical
approaches in healthcare text processing. In [5], a BERT-
based end-to-end framework for NER and relation extrac-
tion in electronic medical records is proposed, while [6]
presents a hybrid BiLSTM-BERT-RAG architecture for
medical NER and classification. Additional evidence of the
effectiveness of transformer-based models for hetero-
geneous medical records is reported in [25]. Together, these
studies confirm the strong potential of neural approaches
for extracting semantically meaningful entities from medi-
cal documentation.

Another important research direction concerns
multilingual and low-resource clinical information
extraction. In [3], prompt-based large language models are
applied to multilingual biomedical NER and entity linking,
demonstrating strong performance even with limited
annotated resources. This issue is particularly relevant for
non-English medical documentation, including Ukrainian-
language healthcare texts. At the same time, studies such as
[2] indicate that even open large language models with
limited computational requirements can provide practically
usable medical text generation and documentation support.

Significant attention is also given to direct extraction
of information from medical reports containing complex
layouts, tables, numerical values, units, and reference
ranges. In [7], an end-to-end OCR and information
extraction pipeline is proposed for laboratory reports,
combining line normalization, NER, and multicolumn
analysis. In [8], OCR-induced noise in medical records is
analyzed in detail, and hybrid approaches combining
deterministic rules with contextual neural models are
presented as a more robust alternative to purely rule-based
systems. Similar applied solutions that combine OCR with
image preprocessing and structured extraction are reported
in [18] and [20], confirming the practical importance of
OCR-based digitization in healthcare workflows.

Recent research trends demonstrate a shift toward
integrated and multimodal document analysis systems. In
[9], a multi-engine OCR framework is proposed for
heterogeneous medical documents, while [11] presents a
multimodal architecture integrating OCR, formatting, and
Al-based interpretation. The study in [12] investigates
multimodal large language models for digitizing and
interpreting handwritten and printed medical reports, and
[16] explores hybrid vision-language models for surgical
documentation. Related developments in automatic
summarization and document generation for healthcare
applications are described in [17] and [21]. These works
suggest that medical document processing is increasingly
moving beyond isolated OCR toward end-to-end intelligent
documentation systems.

Another growing line of research concerns the use of
large language models for extracting, validating, and
structuring clinical information. In [23], LLMs are applied
to extract key parameters and detect inconsistencies in
clinical trial documentation, including Ukrainian-language
data. In [24], a scalable LLM-based framework is proposed
for validated extraction of structured data from electronic
health records, combining preprocessing, parsing,
embedding-based retrieval, entity extraction, and mapping

to healthcare interoperability standards. These results
demonstrate the practical potential of LLM-based pipelines
for structured medical data generation and validation.

In parallel, studies on OCR post-correction and
robustness provide further insight into the limitations of
purely text-based pipelines. In [15], the authors
demonstrate that neural models for OCR error correction
can significantly improve digitized text quality when
trained on domain-relevant patterns and error distributions.
Although the study is not focused on medical docu-
mentation, it highlights an important methodological point
that is also relevant in healthcare document processing:
OCR quality alone does not guarantee reliable structured
data extraction, especially when downstream methods are
sensitive to formatting variations and token-level distor-
tions

Overall, the analysis of existing studies shows that
automated medical document processing is a
multidimensional problem requiring the integration of
OCR, information extraction, semantic modeling, and
document layout analysis. Existing research demonstrates
significant progress in transformer-based NLP and NER
[1], [4]-[6], multilingual biomedical processing [3], [23],
OCR-based and hybrid extraction approaches [7], [8], [18],
[20], multimodal document analysis [9], [11], [12], [16],
and large language model-based methods for structured
data extraction and validation [2], [13], [17], [21], [24],
[25]. Additional studies highlight the importance of NLP in
healthcare documentation and the impact of deep learning
on medical data processing [14], [19], [22]. At the same
time, there remains a practical and methodological gap in
comparative studies focused specifically on medical
laboratory PDF documents, particularly in evaluating
OCR-based pipelines against layout-aware approaches for
extracting structured numerical results, units, and reference
ranges. This gap determines the relevance of the present
study.

Aim and tasks of the study. The aim of this study is
to develop and evaluate an approach for improving the
automated extraction of structured information from
medical PDF documents by applying transformer-based
OCR models and intelligent document analysis methods
under conditions of heterogeneous document formats. In
the authors previous work, a conceptual and functional
model of medical center business processes was developed,
focusing on the digitalization of laboratory test results and
the formalization of service delivery processes for the
design of an intelligent data analysis information system
[26]. This prior research provided a methodological
foundation for identifying key processes requiring automa-
tion and highlighted the importance of structured data
extraction as a critical component of the overall system.

To achieve this aim, the following tasks are defined:

e to analyze the characteristics of medical
laboratory PDF documents and identify key challenges in
their automated processing;

e to implement and compare different text
recognition approaches, including classical OCR and
transformer-based models;

o to develop and apply baseline rule-based methods
for structured data extraction;
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e to implement a layout-aware extraction approach
using positional information from PDF documents;

e toevaluate the quality of the proposed approaches
using a set of metrics for both text recognition and
information extraction;

e to analyze the impact of OCR output on the
accuracy of structured data extraction and determine the
most effective approach for practical application.

Materials and model. Document Processing
Pipeline. The processing of medical laboratory reports is
implemented as a multi-stage pipeline that reflects the
sequential transformation of unstructured document data
into structured, machine-readable information. The general
workflow of the proposed pipeline is illustrated in Fig. 1.

[ Download PDF report ]

v

[ Convert PDF pages to images ]

v

[ Image pre-processing (denoising, binarisation)

v

[Run OCR (Tesseract or TTOCR)/Layout-awa re]

Get recognized text

[ Extract fields (analysis name, value, unit, reference range) ]

v

[ Normalise data (decimal separator, units, ranges) ]

)

[ Verify extracted values for comrectness (fype and range validation) ]

v

[ Save structured record to database l

Fig. 1. General workflow of medical document processing
pipeline

The proposed approach is based on the decomposition
of the overall task into independent functional stages,
which allows for flexible modification, replacement, and
optimization of individual components without affecting
the entire system. At the initial stage, PDF documents
containing laboratory test results are converted into raster
images to ensure compatibility with image-based text
recognition methods. Given the variability in document
quality, including noise, compression artifacts, and
differences in scanning resolution, an image preprocessing
step is applied. This stage includes noise reduction and
adaptive binarization, which improve the contrast between
text and background and enhance the performance of
subsequent recognition algorithms.

Following  preprocessing,  optical  character
recognition is performed using selected OCR models. In

this study, both classical and transformer-based approaches
are considered, enabling a comparative analysis of their
effectiveness in processing medical documents. The output
of this stage is unstructured textual data, which may contain
recognition errors, formatting inconsistencies, and disrup-
ted logical relationships between document elements.

The next stage focuses on the extraction of structured
information from the recognized text. This involves
identifying key fields such as the test name, measured
value, measurement units, and reference ranges. The
extraction process is particularly challenging due to the
tabular nature of laboratory reports and the close spatial
relationship between textual and numerical data.

To ensure consistency and correctness, the extracted
data undergo normalization, including standardization of
decimal separators, measurement units, and value ranges.
Additionally, validation procedures are applied to verify
the correctness of extracted values based on expected data
types and medically plausible ranges.

The final stage of the pipeline involves storing the
validated structured data in a database, making it available
for further analysis and integration into clinical information
systems.

It is important to emphasize that optical character
recognition represents only an intermediate stage of the
overall process and does not guarantee the correctness of
the final structured output. The experimental results
demonstrate that the quality of extracted information
depends not only on the accuracy of text recognition but
also, to a greater extent, on the effectiveness of the
extraction method and the ability to account for the
structural characteristics of medical documents.

Evaluation Metrics. To evaluate the performance of
the proposed approaches, a set of metrics was used to assess
both the quality of text recognition and the accuracy of
structured data extraction. The evaluation process consi-
ders errors at different levels, including character-level
discrepancies, word-level distortions, and the correctness
of extracted structured fields.

The quality of optical character recognition is
measured using the Character Error Rate (CER), which
reflects the proportion of incorrectly recognized characters
relative to the reference text. This metric is defined as the
normalized Levenshtein distance between the predicted and
reference strings:

CER = D(pred, ref) / |ref], (D)

where D(pred, ref) denotes the Levenshtein distance, and
ref| is the length of the reference text.

In addition to CER, the Word Error Rate (WER) is
used to evaluate recognition quality at the word level. This
metric captures structural distortions in the text and is
particularly sensitive to word order and segmentation
errors:

WER=(S+D+1)/N, @)

where S represents substitutions, D denotes deletions, |
corresponds to insertions, and N is the total number of
words in the reference text.

To assess the correctness of structured data extraction,
the Exact Match (EM) metric is applied. This metric
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evaluates whether all required fields are extracted without
any errors and is defined as a binary indicator:

EM = [if all fields are correctly extracted], 3)

Furthermore, the evaluation includes standard
classification metrics such as Precision and Recall, which
measure the correctness and completeness of extracted
fields. Precision reflects the proportion of correctly extrac-
ted fields among all predicted fields:

Precision =TP / (TP + FP), 4)

where TP denotes true positives and FP represents false
positives.

Recall, in turn, measures the proportion of correctly
identified fields relative to all relevant fields in the
reference data:

Recall = TP / (TP + FN), (5)

where FN corresponds to false negatives.

To provide a balanced assessment of extraction
performance, the F-score is used as a harmonic mean of
Precision and Recall:

F1 =2 - Precision - Recall / (Precision + Recall). (6)

Finally, for numerical fields such as measured values
and reference ranges, the relative error is calculated to
quantify the deviation between predicted and true values:

Error = |Xpred — Xtrue| / [Xtrue|. (7

This metric is particularly important in the medical
domain, where even small numerical inaccuracies may
significantly affect the interpretation of laboratory results.

The combination of these metrics enables a
comprehensive evaluation of both recognition quality and
extraction accuracy, providing a detailed understanding of
the strengths and limitations of the analyzed approaches.

Experimental Setup. The experimental study was
designed to evaluate the effectiveness of different
approaches to text recognition and structured information
extraction from medical laboratory PDF documents. The
experimental workflow includes the preparation of input
data, application of alternative OCR methods, extraction of
structured fields, and evaluation of results using a set of
predefined metrics.

The experimental study was conducted to evaluate the
effectiveness of different approaches to text recognition
and structured data extraction from medical laboratory PDF
documents. A set of documents was selected, and reference
data were manually created to serve as ground truth for
objective comparison.

Two pipelines were implemented using classical
(Tesseract) and transformer-based (TrOCR) OCR methods.
The recognized text was processed with a rule-based
extraction module to identify key fields, including test
names, values, units, and reference ranges.

The performance was evaluated using CER and WER
for text recognition, and Exact Match, Precision, Recall,
F1-score, and relative error for structured data extraction.
The results were aggregated into a comparative table to
enable systematic analysis of the approaches.

The interaction between system components during
document processing is represented using a sequence

diagram, shown in Fig. 2.

OCR-
odule (Tesserat
TiOCR}

Convert PDF
{oimage

Evaluation
module

Data extraction module
(rule-based)

Processing
module

Upload POF
»

+
pre-processing

Recagnize text
{image)

Recognized fext

T
Exract fields (text) .

Structured fields ]
| ]

| |
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Save structured record

o
. »
Confirmation of saving j

Evaluation module

Fig. 2. Sequence diagram of document processing and evaluation
pipeline

Results table

t

OCR-
module (Tesseract/
TrOCR)

Data extraction module
(rule-based)

Processing module

X

Actor

This diagram provides a detailed view of the data flow
between the processing module, OCR module, extraction
module, evaluation module, and database. It demonstrates
how the input document is sequentially transformed into
structured data and how evaluation results are generated
and stored.

Such a representation allows for a clearer under-
standing of the system architecture and emphasizes the
modular nature of the proposed approach. In particular, it
illustrates that each component of the pipeline operates as
an independent functional unit, which facilitates scalability,
maintainability, and the integration of alternative methods
for text recognition or information extraction.

Results and discussion. The results of the
comparative evaluation are presented in Table 1, which
summarizes the performance of three different pipelines
combining text recognition and structured data extraction
approaches.

Table 1 — The results of the comparative evaluation

o Metrics
Pipeline —
CER | WER | EM | Precision |Recall| F1

TrOCR + ~0.99 | 1.00 0 0.0 0.0 | 0.00
Rules
Tesseract + | 0.69 | 0.81 0 0.8 1.0 | 0.89
Rules

pdfplumber | 0.00 | 0.00 1 1.0 1.0 | 1.00
+ Layout-
aware

The obtained results demonstrate a clear difference in
performance between the evaluated pipelines, particularly
when comparing OCR-based approaches with layout-
aware extraction. The transformer-based TrOCR model
showed significantly lower performance, with high CER
and WER values indicating substantial distortions in the
recognized text. As a result, the extraction stage failed
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completely, since rule-based methods rely on correctly
recognized patterns.

The Tesseract-based pipeline achieved better text
recognition quality, which enabled partial extraction of
structured data. The results indicate that all relevant fields
were detected, as reflected by high Recall, while lower
Precision values reveal the presence of incorrectly
extracted elements caused by OCR errors. This confirms
that, although classical OCR methods provide more stable
results, recognition errors still propagate to the extraction
stage and reduce overall reliability.

In contrast, the layout-aware approach based on
pdfplumber demonstrated the best performance across all
evaluation metrics. By directly utilizing the textual layer of
the PDF and preserving spatial relationships between
document elements, this method eliminates recognition
errors and ensures accurate extraction of structured data.

Overall, the results indicate that the effectiveness of
medical document processing is determined primarily by
the extraction stage and the ability to account for document
structure, rather than by OCR accuracy alone.

Conclusion and future work. The conducted study
addressed the problem of automated processing of medical
laboratory reports with a focus on comparing different
approaches to text recognition and structured data
extraction. The experimental evaluation demonstrated that
the overall effectiveness of document processing pipelines
depends not only on OCR quality but, to a greater extent,
on the methods used for extracting structured information.

The results of the comparative analysis showed that
transformer-based OCR models, such as TrOCR, may
produce unsatisfactory results without domain-specific
adaptation, leading to a complete failure of the extraction
stage. Classical OCR methods, represented by Tesseract,
provide more stable recognition quality and enable partial
extraction of relevant fields; however, recognition errors
still negatively affect the final structured output. In
contrast, the layout-aware approach based on pdfplumber
achieved perfect performance across all evaluation metrics
by leveraging the inherent structure of PDF documents and
bypassing OCR altogether.

These findings confirm that the key challenge in
processing medical documents lies in the correct interpre-
tation of document structure and the reliable extraction of
semantically meaningful data. The study highlights the
importance of integrating layout-aware techniques into
document processing pipelines and demonstrates that
combining different approaches may be necessary to
achieve robust performance across various document types.

Future work will focus on extending the experimental
study to a larger and more diverse dataset of medical
documents, including cases without an embedded text layer
where OCR remains unavoidable. Additionally, it is
planned to investigate advanced extraction methods, such
as Named Entity Recognition (NER) models and layout-
aware deep learning approaches (e.g., LayoutLM), which
can better capture the relationship between textual content
and document structure. Further research will also consider
the development of hybrid pipelines that dynamically select
the optimal processing strategy depending on document
characteristics, as well as the integration of the proposed

system into real-world medical information systems for
practical validation and decision support.

Declaration on the use of generative Al. During the
preparation of this work, the authors used ChatGPT and
Grammarly for grammar and spell checking, as well as for
rephrasing and reformulating the text. After using these
tools, the authors reviewed and edited the content as
necessary and take full responsibility for the content of this
publication.
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MOPIBHAJIbHUI AHAJI3 TPAHC®OPMEPHUX TA IHTEJIEKTY AJIBHUX METO/IB OBPOBKH
JOKYMEHTIB JJIs1 ABTOMATU30BAHOI'O BUJYUYEHHS MEJNYHUX JAHUX 3 PDF

V crarTi po3rIfHYTO 3a[a4y aBTOMaTH30BaHOI 0OPOOKM MEIMYHHUX J1abopaTOpHMX 3BiTiB y (opmari PDF 3 akueHTOM Ha po3mi3HaBaHHS TEKCTY Ta
BIWJIyYCHHS CTpYKTypoBaHoi iH(opmartii. JlocmimkeHo eQeKTHBHICTh PI3HUX MiAXOAIB IO ONTHYHOrO posmizHaBaHHsA cuMBoidiB (OCR), 30kpema
KJIACHYHUX METOJIB i TpPaHCPOPMEPHUX MOJENeH, a TAaKOK METOMNIB BHJIYYCHHS KIIOUOBMX MEAMYHUX [AHUX 13 HECTPYKTYpPOBaHOTO Ta
HaMiBCTPYKTYpOBAaHOTO TeKcTy. IIpoBeeHO MOpIBHAIBHUI eKCHEpUMEHTAJbHHI aHali3 i3 BUKOPHCTAHHSAM MEAWYHHX JOKYMEHTIB Pi3HOIO THITY,
30KpeMa TaKHX, 10 MAOTh TAOJIMYHY Ta TEKCTOBY CTPYKTYpY. OLIHIOBaHHS SKOCTI 3/1iHCHIOBAJIOCS 32 JOIIOMOTOI0 HA0OpY KiIbKICHUX METPHUK, Cepes
sikux Character Error Rate (CER), Word Error Rate (WER), Exact Match (EM), Precision, Recall ta F1-score. OTpuMaHni pe3ynbTaT MOKa3aiH, 110
BHcoka TouHicTh OCR He rapaHTye SKiCHOTO BIITyYEHHS CTPYKTYPOBAaHUX JaHHX, OCKIIBKM OMHJIKH PO3ITi3HABAHHS CYTTEBO BILIMBAIOTH HA MOAAIBIII
erany 00poOku. OcoOnMBY yBary NpuaICHO MiJX0AaM, IO BPaXOBYIOTh CTPYKTYPY AOKyMeHTa. MeTo/ Ha OCHOBI IIPSIMOTO BUITy4eHHs TeKcTy 3 PDF
i3 BUKopucTaHusaM pdfplumber mponeMOHCTpYBaB HalKpalli pe3yabTaTh 3aBIsAKH 30€pEKEHHIO IPOCTOPOBHX 3B SI3KIB MiXK €IEMEHTAMH JOKYMEHTa Ta
BiicyTHOCTI HeoOXimHoCTi 3acTocyBanHss OCR 3a HasBHOCTI TeKCTOBOTO mIapy. Pe3ynbraTn HOCIHIKEHHS MiATBEPKYIOTh, III0 OCHOBHA CKJIaJHICTh
MoJISIrae y BUIYYEHHI JIAaHWX, a HE JIMIIE y pO3Ii3HaBaHHI TeKCTy. [loka3aHo MOIUIBHICTD iHTErpamil CTPYKTYPHO-OPIEHTOBAaHUX Ta IHTENEKTYalIbHUX
METOJIB ISl MiJBUIICHHS €(DEKTUBHOCTI aBTOMaTH30BaHUX CHCTEM OOPOOKM MEMYHHX JAHUX.

KoarodoBi cioBa: onTH4HE pO3Mi3HAaBAHHS CHMBOJIB, BWIIydeHHsS iHQOpMamii, MeIu4Hi TOKyMEHTH, 0OpoOKa MEIMYHUX JaHHW,, METOIM 3
ypaxyBaHHSM CTPYKTYypU HOKYMEHTa, BHJIy4YCHHS NaHMX, aHai3 JOKYMEHTIB, CHCTEMH MiITPUMKU IPHHHATTA pilleHb, iHCTPYMEHTH IITYYHOI'O
IHTEJEKTY.
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