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Abstract: This study presents an integrated approach for automatically extracting and structuring
information from medical reports, captured as scanned documents or photographs, through a
combination of image recognition and natural language processing (NLP) techniques like named
entity recognition (NER). The primary aim was to develop an adaptive model for efficient text
extraction from medical report images. This involved utilizing a genetic algorithm (GA) to fine-
tune optical character recognition (OCR) hyperparameters, ensuring maximal text extraction length,
followed by NER processing to categorize the extracted information into required entities, adjusting
parameters if entities were not correctly extracted based on manual annotations. Despite the diverse
formats of medical report images in the dataset, all in Russian, this serves as a conceptual example of
information extraction (IE) that can be easily extended to other languages.
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1. Introduction

In the era of digitization, the volume of medical documentation continues to grow,
presenting challenges in efficient information retrieval and analysis. Medical reports, often
available as scanned documents or photographs, contain valuable clinical data essential for
healthcare decision making. However, manual extraction and structuring of information
from these reports is time-consuming and prone to errors.

Recognition of text [1-3] from images holds significant importance in automating anno-
tation and indexing of visual data, as emphasized in scientific literature exploring methods
and algorithms for extracting information from various types of images and videos.

Text information embedded in images and videos is crucial for automatic annotation
and indexing, but its extraction presents challenges due to variations in size, style, and
orientation, as well as complex backgrounds. Jung et al. [4] addressed the lack of compre-
hensive surveys by reviewing algorithms for text information extraction (IE), discussing
evaluation metrics, and suggesting future research directions.

Text extraction from natural scene images presents a pivotal challenge poised to
revolutionize everyday applications such as augmented reality. Comprising detection,
localization, enhancement, and recognition stages, this process faces significant hurdles
due to variations in text attributes and environmental factors. Zhang et al. [5] categorized
and evaluated the latest algorithms, primarily focusing on detection and localization stages,
while providing a link to a public image database for evaluation.

Ye et al. [6] provided a comprehensive analysis of text detection and recognition in
color imagery, categorizing existing techniques and addressing challenges such as local-
ization, verification, and segmentation. It also discusses specialized issues like degraded
text enhancement and multilingual text processing. By comparing benchmark datasets and
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evaluating representative approaches, this review aims to identify remaining challenges in
the field.

Yin et al. [7] presented a thorough survey of text detection, tracking, and recognition in
video, addressing recent advancements and challenges. Unlike previous surveys, it offers a
unified framework for understanding detection, tracking, and recognition processes within
video text extraction. Special emphasis is placed on text tracking, tracking-based detection,
and recognition techniques. The paper also discusses applications, challenges, and future
directions in video text extraction, especially from scene and web videos.

A classification-based algorithm for text detection using sparse representation with
discriminative dictionaries was proposed by Zhao et al. [8]. This method effectively detects
texts of various sizes, fonts, and colors from images and videos, as demonstrated through
extensive experiments on different datasets.

A method for text localization and recognition in real-world images was described
by Neumann et al. [9]. Departing from traditional feed-forward pipelines, it employs a
hypothesis-verification framework and synthetic fonts for training, enhancing robustness
to geometric and illumination conditions.

An algorithm for text detection in natural scene images was suggested by Yi [10]
addressing the challenges of character appearance and structure variability. It combines a
structure correlation approach with structons and correlations to generate discriminative
text descriptors. Additionally, it utilizes color decomposition, character contour refinement,
and string line alignment for text region localization. Experimental evaluations demonstrate
state-of-the-art performance in scene text detection, and character identification.

Ref. [11] introduced a methodology for text extraction from images, encompassing
document, scene, and caption text. Leveraging discrete wavelet transform (DWT), the
approach accommodates both color and grayscale images. Preprocessing steps are applied
to color images, followed by edge detection using the Sobel operator. Morphological
operations and thresholding refine the extracted text edges.

The exploration of the application of deep learning [12,13] (DL) in IE [14] (IE) was
highlighted by Yang et al. [15], particularly focusing on entity relationship extraction, event
extraction, and multi-modal IE. DL techniques have shown superior performance over
traditional methods by enabling deeper feature extraction and higher model accuracy. The
paper reviews DL’s progress in IE tasks, discusses challenges, and suggests future directions
like multi-modal extraction and knowledge-enhanced extraction to tackle information
overload in the digital age.

Recent advancements in computer vision, particularly with deep learning models,
have revolutionized Optical Character Recognition (OCR), but Key IE from documents, a
vital downstream task, remains challenging due to underexploitation of semantic visual
features. Yu et al. [16] introduced a robust framework combining graph learning and
convolution operations to efficiently handle complex document layouts for KIE, yielding
richer semantic representations. Extensive experiments demonstrate superior performance
over baseline methods, addressing the critical need for efficient and accurate KIE.

Image-based Text Extraction is vital for extracting valuable information from images.
Optical Recognition Systems like Tesseract employ algorithms for text detection, localiza-
tion, and recognition. Revathi et al. [17] proposed using image processing techniques to
enhance text extraction, offering adjustable parameters for optimal results. This method
promises significant importance in automation, ensuring efficient extraction of text from
various backgrounds.

The integration of text recognition from images with subsequent NLP processing [18]
has been widely explored in various sources, serving as a crucial step towards extracting
meaningful insights from visual data. Wang et al. [19] proposed a hybrid network method
for English word segmentation, while Ref. [20] explored the applications of NLP in materials
science. In the medical field, for instance, Ref. [21] explored the intersection of computer
vision and NLP to aid vision-impaired individuals.
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Ref. [22] demonstrated the effectiveness of a hybrid approach combining OCR with
natural language processing (NLP) to extract clinical information from scanned colonoscopy
and pathology reports. Conducted at the Cleveland Clinic and the University of Minnesota,
the retrospective study compared manual data extraction with the OCR/NLP hybrid
approach across various variables. Results showed high accuracy rates, exceeding 95%
for detecting various clinical parameters, including polyps, adenomas, and ECT. This
innovative hybrid technology offers a reliable method for obtaining critical clinical data
from scanned reports, facilitating streamlined quality management and risk assessment in
colorectal cancer screening.

As electronic health records (EHRs) become more prevalent, extracting valuable infor-
mation from unstructured text data poses a significant challenge. IE using NLP techniques
can automate this process, yet its utilization in clinical research remains limited. Ref. [23]
aimed to understand this under-utilization and propose strategies to enhance the integra-
tion of NLP in EHR-based clinical studies.

Viani et al. [24] addressed the need to extract structured clinical information from
Italian medical reports. They proposed an ontology-driven NLP approach to convert
unstructured text into queryable data while preserving semantic relations and focus is
on answering two key questions: Can automated extraction produce structured data?
Furthermore, can semantic relations be preserved? They utilized a domain ontology to
guide the extraction process, aiming for extensibility and language-independence, with
Italian medical reports.

Over the last decade, Deep Learning (DL) has revolutionized NLP, particularly in
medicine, by effectively handling unstructured textual data. DL eliminates the need for
manual feature selection, significantly improving performance in tasks like IE from medical
texts. However, applying DL to medical language poses challenges due to specialized
vocabulary and syntax complexities, requiring adaptations of general language embeddings.
Ref. [25] underscored DL’s transformative impact on NLP methodologies in medicine,
complementing previous research in medical informatics.

Our research aims to fill the gap in knowledge by developing an integrated approach
for automated information extraction from images of medical documents. This gap exists
due to the lack of comprehensive studies that combine adjusting OCR parameters to extract
unstructured personal/financial data contained in medical reports and structure them
using NLP. By addressing this gap, our study seeks to contribute to the advancement of
automated data extraction methodologies in healthcare, enabling more efficient processing
of medical information.

To address our primary research challenge, we aimed to develop an adaptive model
capable of efficiently extracting text from medical report images. We achieved this by
employing a genetic algorithm to fine-tune OCR hyperparameters, maximizing the length
of the extracted texts. Next, we categorized the extracted information into required entities
using NLP techniques. If an entity was not correctly extracted according to the manually
annotated dataset for this study, we adjusted the parameters accordingly. This adjustment
involved passing the image data (see Appendix A) and the optimal OCR recognition
parameters through a neural network. Here, the image data served as inputs, while the
optimal OCR recognition parameters served as outputs. The resulting neural network was
then applied to new images to maximize the extraction of the required entity.

The structure of our article is as follows: Section 2.1 describes the approach of manual
information extraction for the required entities, Section 2.2 presents the automated process,
and Section 2.3 discusses NLP-based entity extraction. In Section 3.1, we provide an
analysis of manual statistics used as dataset annotations, while Section 3.2 compares
the correlation of automatically extracted image metadata, revealing that the optimal
parameter for maximizing information extraction is maximizing the number of recognized
characters through hyperparameter tuning using GA. Section 3.3 describes this model,
while Section 3.4 presents comparative results before and after its application for the
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considered entities. Finally, Section 4 outlines the limitations of the approach and prospects
for future work.

2. Materials and Methods
2.1. Manual Quality Check of Reports

For the research, an initial dataset of folders containing .pdf scans and photographs of
medical documents was utilized. To standardize the format and ensure consistency of the
input data, all images were converted to .jpg format. The diagram illustrating the research
methodology is depicted in Figure 1.

Photographing of
document

Manual Quality
Check of documents

Recognition of documents

Dataset of images of medical reports

Medical Report

A

Scanning of document

Basing on obtained results
creating most sustainable
pipeline to maximize
automated extraction
process information

NLP-based
Structuration of
Extracted text

PyTesseract OpenCV

Manual Extracting of

Extracting
Text information

Comparing results

Figure 1. Diagram illustrating the research methodology employed in the study.

Manual evaluation of image darkness was conducted manually, categorizing images
as either dark (1) or not dark (0), to identify and rectify insufficient or excessive lighting
conditions that could impact text recognition accuracy.

Additionally, an assessment of image blurriness was conducted, categorizing images
as blurred (1) or not blurred (0), to understand the impact of blurriness on text extraction.
This criterion was instrumental in refining preprocessing techniques aimed at improving
text clarity before being processed by the pytesseract and easyOCR libraries

The presence of handwritten text was manually evaluated, labeled as 1 if present
and 0 if absent, considering potential challenges it may pose for text recognition libraries.
This aspect of the methodology aided in identifying scenarios where additional processing
techniques, such as segmentation, could enhance recognition accuracy.

Entities from the dataset of medical report images were manually extracted by two an-
notators independently across the entire dataset. Subsequently, their work was evaluated
through a character-level comparison of the entities identified by each annotator. The
outcome of this comparison revealed a match rate of 1661 out of 1674 printed medical
reports for all required entities, including the cost of medical services, payment dates,
taxpayer identification numbers, and medical institution license numbers. For cases where
discrepancies occurred, additional verification was conducted to address inaccuracies.



Mach. Learn. Knowl. Extr. 2024, 6

1365

2.2. Automated Processing of Reports

Automated processing involved recognition through PyTesseract and easyocr. OCR
encounters challenges with Russian language support, often substituting English characters
for unrecognized Russian ones.

Our work also involves developing a method for automatically obtaining metadata
from images. Image sharpness was obtained using the Laplace operator. The Laplace
operator computes the second derivative of image brightness, enabling the detection of
areas with rapid intensity changes. After processing, each pixel in the resulting image
represents an approximation of the second derivative of brightness in both directions.
Subsequently, the variance of the obtained image values is calculated. A high variance
value indicates high image sharpness. Figure 2a,c visually illustrate an image used for
variance calculation. An unclear image (Figure 2) had a variance of 774, while a sharp one
had a variance of 5277.

Image sharpness obtained using the Sobel operator to detect edges in an image by
highlighting brightness gradients at each pixel. After processing, each pixel in the resulting
image represents an approximation of the brightness gradient in a specified direction. The
sum of the square roots of horizontal and vertical gradients is then computed to estimate
overall image sharpness. A higher value indicates greater image sharpness. Figure 2b,d
visually depict an image used for this estimation. For clarity, the sharpest (16,182 x 10°)
and blurriest (125 x 10°) images, the latter of which is unreadable to the human eye,
were selected.

(b)

Figure 2. (a,c) Processing of a blurry image with the Laplace and Sobel operator, respectively: on the

right—the original image, on the left—the image processed using the Sobel operator. (b,d) Processing
of a sharp image with the Laplace and Sobel operator, respectively: on the right—the original image,
on the left—the image processed using the Sobel operator.

2.3. NLP-Based Text Structurization

During the document recognition process, we often encountered a jumble of letters
and symbols in obtained texts. As a result, it was imperative to structure this information
coherently, facilitating its comprehension and further analysis. NLP [26,27] was employed
to extract specific information from the recognized text. This involved structuring the
extracted data to identify key elements such as the organization’s Tax Identification Number
(TIN), taxpayer identification number, license number, cost of medical services (sometimes
written in words or digits), and dates of medical service payments (also variably represented
in words or digits), which poses several challenges.

Firstly, the variability in formatting and presentation across different documents can
lead to inconsistencies in the structure and content of the extracted information. For
instance, the TIN, taxpayer identification number, and license number may be presented in
different formats or locations within the document, making it challenging to consistently
identify and extract this information accurately.

Secondly, the presence of handwritten or poorly scanned text can introduce errors
or inaccuracies during the OCR (Optical Character Recognition) process, particularly
when dealing with numerical values or dates that may be misinterpreted due to irregular
handwriting or smudging.

Furthermore, the variation in language and writing styles can complicate the extraction
process, especially when dealing with numeric values written in words or dates expressed
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in text format. NLP models may struggle to accurately interpret such information, leading
to potential errors in extraction.

Additionally, the absence of standardized templates or document structures [28] adds
another layer of complexity, as the relevant information may be dispersed throughout the
document or presented in unconventional formats, requiring sophisticated NLP algorithms
to identify and extract the desired data accurately.

To extract the required entities, Named Entity Recognition (NER) algorithms from the
PullEnti [29,30] and Natasha [31,32] Python libraries were employed. These algorithms
were used to identify patterns associated with the specified entities effectively [33].

Monetary values, comprising currency symbols, numerical amounts, and associated
terms like “price”, “cost”, or “payment”, are common patterns found in medical reports.
To extract such entities, we leveraged PullEnti, utilizing entity extraction with specified
labels to target and capture relevant information.

Similarly, for extracting the Taxpayer Identification Number (TIN) and organization
identification numbers, as well as the license numbers of medical institutions, PullEnti
was harnessed to identify patterns specific to these entities within the document text.
Patterns related to TINSs, typically composed of 12 digits encompass various numerical
sequences with specific lengths and formats, alongside associated labels like “Tax ID”,
“TIN”, or “Identification Number”. License numbers for medical institutions usually consist
of alphanumeric sequences interspersed with dashes, often accompanied by adjacent terms
such as “license’.

For extracting payment dates, the DatesExtractor method from the Natasha library
was applied to recognize temporal expressions [34,35] and date formats within the text
data. This involves identifying patterns associated with dates, such as month-day-year
formats, numerical sequences, and textual representations of dates.

3. Results
3.1. Manual Labeling Statistics

The dataset consisted of 2041 documents, primarily in jpg/jpeg format, with 367 con-
taining handwritten text. Among these, 1674 documents exclusively featured printed text.
Despite variations in document quality, including scans, low-quality photographs, tilted
images, and obscured text, each document was expected to contain essential information
such as TINs, organization details, service costs, payment dates, and medical institution
names and addresses. Our analysis focused on accurately identifying these entities within
the printed text documents.

The final outcome of the manual image classification process is depicted in Figure 3a,
showcasing all conceivable combinations of document pairs. This visual representation
stage enables a comprehensive assessment of the manual classification outcomes for all
images. Following this, our analysis exclusively scrutinized documents featuring printed
text, as delineated in Figure 3b.

All data (2041 reports) Printed reports - 1682

Bluriness
Bluriness

296 o 236

Darkness Darkness

(a) (b)
Figure 3. (a) The number of combinations of readable/dark reports among all available; (b) only
among printed reports.
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3.2. Correlation Analysis of Parameters

Figure 4 illustrates correlation matrix [36] for automatically identified parameters in
medical reports recognition it provides quantitative metrics for assessing document quality,
aiding quality control and assurance processes. The visualization of these parameters offers
a comprehensive overview of document features, enabling rapid anomaly detection.

Correlation Matrix

Brightness ] ......ﬂ.ﬂ..“.

e .------ ---.

Brightness
Sharpness (Laplacian)
Sharpness (Sobel)
Width
Height
Dark Pixels
Light Pixels
Medium Pixels
Standard Deviation
Segment Count
Variance
Entropy
Angle

Characters -

Figure 4. Correlation matrix of automatically detected parameters in medical reports recognition.

Particularly noteworthy is the strong correlation between entropy and brightness
(correlation coefficient = 0.75). This correlation suggests that variations in document
brightness levels influence the degree of chaos or diversity in brightness gradients [37]
within the document, thereby affecting entropy. Possible reasons for this correlation include
variations in document background complexity, lighting conditions during scanning, and
text font styles, all of which can influence both brightness levels and entropy.

Furthermore, the angle of inclination of the document (presumably representing skew-
ness) demonstrates a considerable correlation with the number of recognized characters
(correlation coefficient = 0.52). This correlation indicates that the skewness of the document
affects the accuracy of character recognition, as skewed documents may pose challenges
for OCR algorithms.

Regarding sharpness measured via the Sobel operator, it exhibits moderate correlations
(correlation coefficients > 0.2) with each of the other parameters. This observation suggests
that sharpness, as captured by the Sobel operator, is influenced by various document
characteristics, such as brightness, size, pixel distribution, and segmentation count.
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Conversely, the parameter with the lowest correlation with other parameters is seg-
ment count. This finding indicates that the segmentation count, which represents the
number of distinct segments within the document, is relatively independent of other
document features captured by the analyzed parameters.

Therefore, the analysis leads to the conclusion that the most influential factor after
OCR recognition is the quantity of recognized characters. As a result, we set out to develop
an adaptive framework aimed at adjusting OCR parameters to maximize IE.

3.3. Adaptive Model for Document Recognition

Automatic entity extraction using NLP shows promise for document recognition.
However, disparities between automatically and manually extracted entities highlight the
necessity for an adaptive model. Such a model would adjust document parameters to
enhance entity recognition accuracy based on recognized characteristics.

The meticulous adjustment of OCR parameters is essential for accurate IE. We propose
an approach based on using a genetic algorithm (GA) to optimize parameters for OCR.
Our goal is to maximize the number of recognized characters in document images, thereby
increasing the amount of information available for entity extraction using NLP methods.

We define a set of OCR parameters, including beam width, batch size, contrast thresh-
old, and others, and utilize a genetic algorithm to search for optimal values for these
parameters. To evaluate the quality of each parameter set, we load the document image,
convert it to grayscale, apply a threshold value to improve text recognition quality, and use
the PyTesseract and easyOCR library to recognize text on the image. The evaluation metric
is the number of recognized characters in the image.

Through an iterative process of the GA, we select the best parameter sets based on
their quality evaluation. These best parameters can then be used to enhance the efficiency
of OCR and subsequent entity extraction from documents using NLP. Figure 5 depicts the
schematic representation of the proposed approach where “int” indicates the selection of
integer parameters, while “float” represents floating-point parameters.

NLP-based

> Entities
Aim to maximize length of recognized text Py
by GA-based fine- tuning OCR parameters recognistion

Length of Recognized
Recognized j textual ¢
text information

Medical

easyOCR parameters report
PyTesseract
i N SEIEIME S

text_threshold int doet:il
0..2000 0.1 mag_ratio width_ths - —
0.1 0.1 canvas_size beamWidth
0.2 0.1

g 01 i 0 .

int float

Figure 5. Illustration of the proposed approach utilizing GA for optimizing OCR parameters to
maximize character recognition in document images, facilitating enhanced entity extraction through
NLP techniques.



Mach. Learn. Knowl. Extr. 2024, 6

1369

After applying GA to fine-tune the optimal hyperparameters for OCR medical doc-
ument recognition, aiming to maximize the extraction of recognized characters, we con-
structed a dataset. This dataset contains information about the optimal parameters selected
during OCR recognition and the original characteristics of the images. Detailed descriptions
of these characteristics are provided in the Appendix A. Subsequently, a neural network
(NN) was employed, taking the image’s input parameters and outputting the optimal OCR
recognition parameters identified in the GA-based step. The architecture of the proposed
neural network is depicted in Figure 6.

Segment Count \ £ ’\ - detail
Angle - = ™ = width_ths
Percentage Metrics $ p 3 e k= height_ths
Entropy < ¥ S = ycenter_ths
HEF
Variation < o < slope_ths
: ’ 7
Total Number of Pixels < X A = mag_ratio
X, :
X
Medium Brightness Pixels < ® . = canvas_size
4
) ; Y ; _
right Pixels 4 ink_thresho
Bright Pixel < X s link_threshold
9
-
Dark Pixels £ X 3 = low_text
N
Standard Deviation of Pixel Values £ OSSN Y text_threshold
A DN
. RaRVR
Image Length and Height £ EIENEN M : adjust_contrast
Image Sharpness (Sobel Operator) 4 ~ = Y = contrast_ths
Image Sharpness (Laplace Operator) v - - A £y batch_size
Brightness / = u £ beamWidth

|

Figure 6. Illustration of the possible structure of the proposed NN.

The objective of this stage is to preselect OCR parameters that can most effectively
extract information from medical document images in the future, particularly on new
datasets. For each new medical document image where necessary information could not be
obtained using conventional methods, all input data described in the appendix is gathered.
Then, these data are fed into the pre-trained NN, which provides optimal OCR parameters.
Subsequently, the recognition process is conducted once again, utilizing these optimal
parameters, in an attempt to extract the required information accurately.

General scheme of an adaptive model for adjusting image parameters and OCR
settings to maximize IE is shown on Figure 7. The process entails gathering diverse images
of medical report documents. Subsequently, the GA-based fine-tuning technique is applied
to OCR hyperparameters to enhance character recognition in images. Leveraging the
information gathered on OCR parameters and input image characteristics, a neural network
model is employed to optimize OCR settings accordingly. Following this optimization,
entity recognition is performed on the extracted texts using NLP techniques. If certain
entities remain unrecognized, a feedback mechanism is employed. This mechanism enables
the model to adapt image parameters and OCR settings based on learning from new data
and feedback from previous recognition attempts. Additionally, regular assessments of
the model’s performance on new data are conducted to update parameters and refine the
adaptive tuning algorithm iteratively. By continuing this iterative process of training and
adaptation, the aim is to achieve maximum IE from document images. Ultimately, such a
system has the potential to reduce manual effort in entity extraction from document image.
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Direct adjustment of
image parameters Dataset of image
parameters and OCR
configuration settings

OCR-based
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parameters
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length extracted text Pre-labeled dataset
containing the required
entities.

NN-based improvement of image parameters and
OCR settings adjustment according
to the success in entity recognition.

Figure 7. Schema showcasing the adaptive model’s functionality in adjusting image parameters and
OCR settings to optimize IE from document images.

Based on the analysis of correlations between image parameters and the quality of
entity recognition, the model identifies the necessary parameter corrections. For example,
if the tilt angle of the document hinders accurate text recognition, the model may decide
to automatically straighten the image. Conversely, if the skew angle of a document im-
pedes accurate character recognition, the model can rectify this by aligning the document
horizontally [38]. Similarly, if a document appears too dark or overexposed, adjustments
can be made to optimize brightness and contrast. Furthermore, if the document is blurry,
appropriate transformations can be applied to enhance IE.

3.4. Adaptive Model Outcomes

The bar chart visualization presented in Figure 8 illustrates the comparison between
the recognized TINs for organizations and taxpayers before and after the implementation
of the adaptive model. This model enhance the accuracy of TIN recognition by adjusting
document parameters during OCR.

Additionally, we conducted a comparison of recognized payment dates and payment
amounts before and after the application of the adaptive model. This comparison was
performed on a dataset consisting of 1382 documents, where both the payment date and
amount were mentioned only once within each document. The purpose of this analysis
was to assess the effectiveness of the adaptive model in improving the accuracy of payment
date and amount recognition. Results are shown in Figure 9a,b.
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Figure 8. Comparison of recognized TINs before and after the application of the adaptive model for
(a) 12-digit TINs and (b) 10-digit organization TINs. The bar chart visualizes 1682 printed reports,
where each pair of adjacent bins represents the number of correctly recognized digits before (red)
and after (blue) the application of the adaptive model. (c) An example of successfully recognized
Taxpayer Identification Number (TIN) where all 12 digits are correctly identified. (d) In another
instance, only 11 out of 12 digits are correctly recognized. One possible reason for this discrepancy
could be due to the tilt of the medical report image.

It is worth noting that this comparison was conducted specifically for cases where
the payment date and amount appeared only once within each document. There were
1383 instances out of 1682 printed reports where the payment date and amount appeared
only once within each document. This approach was chosen due to the complexity of
accurately identifying multiple instances of these elements within a single entity. By
focusing on documents with singular occurrences of payment dates and amounts, we aimed
to ensure a more precise evaluation of the adaptive model’s performance in enhancing
recognition accuracy.

Extracting addresses of medical institutions using NER presents several challenges.
Firstly, medical reports often contain unstructured text, making it difficult for NER models
to accurately identify address entities amidst other information. Additionally, variations in
address formats and abbreviations further complicate the extraction process.

Furthermore, the context in which addresses appear within medical reports can
vary, affecting their recognition. For example, addresses may be embedded within nar-
rative text, tables, or headers, requiring robust NER models capable of handling diverse
document layouts.

Another challenge involves the comparison of extracted addresses with pre-labeled
data. Inconsistencies between the extracted addresses and the ground truth annotations
may occur due to differences in formatting, spelling variations, or missing information.

Before the implementation of the adaptive model, the distribution of recognized ad-
dress entities exhibited inconsistencies. However, following the integration of the adaptive
model into the OCR process, significant improvements were observed, as depicted in
Figure 9¢,d.
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Figure 9. Comparison of recognized payment dates costs (a) before and (b) after the application of
the adaptive model for 1382 documents. Distribution of recognized address entities (c) before and
(d) after the application of the adaptive model to the OCR process. Red corresponds to the number of
incorrectly determined entities, while blue indicates correct ones.

4. Discussion

In today’s world, artificial intelligence (AI) progress in NLP and computer vision
(CV) enable systems to automatically analyze texts, images, and audio data. This progress
enhances efficiency and accuracy across various sectors like healthcare [39], finance [40],
and education [41], facilitating faster and more precise decision making. Ranaldi et al. [42]
questions the direction of Al progress, particularly the shift towards auto-epistemic logic [43]
by statistical learners by exploring fundamental issues in Al analysis, including symbolic
structure and strategic reference points, and traces the evolution of knowledge representation.

Document recognition using ML algorithms has emerged as an area of research,
enabling automated extraction of structural components and semantic information from
diverse document layouts, facilitating efficient document analysis and retrieval in large-
scale digital libraries. Paass et al. [44] suggested to leveraging ML approaches, such
as support vector machines and Conditional Random Fields, offers promising solutions
to adaptively handle diverse document layouts and evolving structural features over
time. Ghazal et al. [45] presented a handwritten document recognition system using
convolutional neural networks (CNNs). It aims to assist visually impaired users and
automate data entry tasks.

Central to our investigation was the meticulous deployment of NLP algorithms for
entity recognition, coupled with the development of adaptive models tailored for document
parameter adjustment. These methodologies were instrumental in enhancing the precision
and efficiency of IE processes, thereby accentuating their practical applicability in real-
world settings. NER is vital for extracting key information from vast textual data sources.

However, this study is not devoid of its limitations. Challenges encountered during
the IE process, such as inaccuracies in entity recognition and the handling of complex
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document formats [46], underscore the need for continued refinement and optimization
of our models. Addressing these constraints is imperative to bolster the robustness and
versatility of our methodologies.

Nevertheless, the implications of our research are profound. The developed models
and techniques harbor the potential to revolutionize document processing workflows [47]
across diverse domains, including healthcare institutions and financial organizations. By
automating labor-intensive tasks and minimizing errors, these advancements pave the way
for enhanced efficiency and data quality.

One potential limitation of proposed GA-based approach is the complexity [48,49]
associated with optimizing hyperparameters in OCR. While using GA allows for effi-
cient parameter tuning to maximize length of text extraction, this process can be time
consuming [50,51] and require significant computational resources, especially when deal-
ing with a large volume of images. Additionally, optimal hyperparameters may vary
depending on various factors, such as image quality, document type, and lighting condi-
tions, which can further complicate the optimization process. Another limitation is the need
for a large volume of annotated data for model training and performance evaluation, partic-
ularly when using ML methods for parameter tuning. Thus, successful implementation [52]
of the approach requires consideration of these limitations and the development of effective
strategies to overcome them.

Another aspect to consider is the potential application of alternative heuristic algo-
rithms for this approach, such as Particle Swarm Optimization (PSO) [53] and Simulated
Annealing [54]. These algorithms offer different strategies for parameter optimization
in OCR. For example, PSO optimizes solutions by iteratively adjusting a population of
candidate solutions based on their fitness. Simulated Annealing mimics the annealing
process in metallurgy, gradually decreasing the temperature to explore the solution space
effectively [55]. By incorporating these algorithms, it is possible explore a broader range
of optimization techniques and potentially achieve even better results in text extraction
from medical report images. However, each algorithm has its strengths and weaknesses,
and selecting the most suitable one depends on factors such as problem complexity, com-
putational resources [56], and the specific objectives of the study. Further research could
investigate the performance of these alternative algorithms and compare their effectiveness
in optimizing OCR parameters for maximizing length of extracted text.

While adapting document processing techniques might seem like an intuitive solution,
it may not necessarily address intrinsic errors inherent to the NLP tools. These tools
undergo complex processes to interpret and extract meaning from text, including syntactic
and semantic analysis, entity recognition, and more. Any inaccuracies stemming from these
processes could propagate through the entire workflow, impacting downstream tasks such
as document processing. For instance, errors in entity recognition, particularly with respect
to formatting inconsistencies, could lead to discrepancies in the information extracted from
the documents. These errors might persist even with adaptations in document processing
strategies if not directly addressed at the NLP tool level.

Therefore, a thorough examination of the relationship between NLP tool performance
and adaptive OCR model performance is essential. This could involve conducting targeted
evaluations to isolate the sources of errors [57] and discern whether they originate from the
NLP tools themselves or are exacerbated by interactions with the OCR model. Additionally,
exploring potential synergies between the NLP tools and OCR model could yield insights
into optimizing overall system performance. Strategies such as fine-tuning NLP models
based on feedback from OCR outputs or integrating contextual information from OCR-
detected regions could enhance the accuracy and robustness of IE pipelines [58].

Looking ahead, future research endeavors could delve into the integration of state-of-the-
art neural network architectures for image segmentation and text recognition tasks. By lever-
aging advanced deep learning techniques, such as convolutional neural networks [59-61]
(CNNs) for image segmentation and recurrent neural networks [62—-64] (RNNs) for text
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recognition, researchers can explore more sophisticated methods for document processing
and IE.

5. Conclusions

The study highlighted the approach of IE from images of documents by dynamically
adjusting OCR parameters through an adaptive model, followed by the extraction of
required entities using NLP techniques. The efficacy of these methods was demonstrated
through the comparison of the extracted entities like organization identification numbers,
TINs, license numbers, payment amounts, and payment dates. Such application of an
adaptive model in OCR image recognition can be beneficial for organizations managing
tax deductions for employees, especially when dealing with numerous documents, or for
tax authorities handling a large volume of such unstructured documents. This approach
enables the reduction of laborious manual extraction of such information, streamlining the
process significantly.

Our findings highlight the potential of automated document processing workflows to
enhance efficiency, accuracy, and data quality across various sectors, including healthcare
and finance. By automating labor-intensive tasks and minimizing errors, these advance-
ments have the capacity to revolutionize document processing practices and streamline
operational workflows.

However, this study also underscores the need for continued refinement and optimiza-
tion of adaptive model to address challenges such as inaccuracies in entity recognition and
the handling of complex document formats. Future research endeavors should focus on
advancing NLP techniques, integrating ML algorithms for document classification and
feature extraction, and exploring novel approaches to enhance IE accuracy.

In summary, our study contributes valuable insights to the field of document recogni-
tion and IE, offering both achievements and avenues for improvement. Through ongoing
research and development efforts, we can further harness the potential of NLP method-
ologies to drive innovation and progress in document processing and related domains via
ML techniques.
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Appendix A. Image Characteristics
This section provides explanations of the key image characteristics utilized in this study:

1. Brightness: Ensures adequate illumination for accurate text recognition.

2. Image Sharpness (Laplace Operator): Detects areas with rapid intensity changes,
crucial for identifying text clarity.

3. Image Sharpness (Sobel Operator): Highlights brightness gradients to enhance edge
detection and overall text sharpness.

4. Image Length and Height: Provides dimensions for contextualizing image content.
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5. Standard Deviation of Pixel Values: Quantifies pixel value variability, indicative of
image clarity.

6. Dark Pixels: Identifies low-intensity areas, aiding in contrast enhancement for
text extraction.

7.  Bright Pixels: Highlights high-intensity areas, assisting in text differentiation
from backgrounds.

8.  Medium Brightness Pixels: Captures text within a balanced brightness range for
optimal recognition.

9. Total Number of Pixels: Determines image resolution and detail for accurate
text extraction.

10. Variation: Measures noise level, influencing the clarity of text recognition.

11.  Entropy: Indicates image complexity, affecting text extraction reliability.

12.  Percentage Metrics: Offer insights into brightness distribution, aiding in text segmen-
tation and extraction.

13.  Angle: The skew angle of the document refers to the rotation angle required to align
the document horizontally.

14. Segment Count: The number of segments refers to the count of identified regions
containing text.
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