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1.Background

1.1. Osteoporosis: A silent disease

The term osteoporosis (from Greek osteo or ‘bone’ and poros or ‘pore’)
describes a disease where bone density and mass are decreased, making
bones weaker and more susceptible to fractures. In Europe, more than 32
million individuals aged 50 or more are estimated to have osteoporosis,
equivalent to 5.6% of the total European population over 50, or approximately
25.5 million women (22.1% of women aged +50) and 6.5 million men (6.6% of

men aged +50) (1-3).

Individuals with osteoporosis in the EU27+2

32MILLION | w 255 R4 &2 §

Prevalence of osteoporosis across the EU27+2 in 20192

@ \ [ ] w
% 22.1% w 6.6%

Figure 1. SCOPE 2021 Summary Report for Osteoporosis in Europe.

5.6%

AGED 50+

AGED 50+

TOTAL

EUROPEAN

POPULATION
e

Because the main risk factor for developing osteoporosis is age, it does not
only cause fractures, but it also causes people to become bedridden with
secondary complications that may be life threatening in the elderly. Since
osteoporosis also causes back pain and loss of height, prevention of the disease
and its associated fractures is essential for maintaining health, quality of life,

and independence among the elderly (4,5).

Osteoporosis is a silent disease, meaning that it causes no symptoms to the
patients, and very often the diagnosis is made late in the course of the disease
(e.g.: when bone fractures are already present). Until recently, osteoporosis
was an under-recognized disease and considered an inevitable consequence of

ageing. Careful attention has to be paid to people having several risk factors
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for its development, such as female gender, menopause, prior gastric surgery,

unhealthy lifestyle habits, chronic diseases or family history of fractures (6).

Fortunately, improvements in diagnostic technology and assessment facilities
over the past decades now mean that it is possible to detect the disease before
fractures occur. The cornerstone of diagnosis nowadays is the measurement
of bone mineral density by Dual X-Ray Absorptiometry, commonly known as
a DXA or DEXA scan, a highly precise and low-radiation imaging technique
that measures bone mineral density (BMD). Currently, DXA is now

considered the gold standard for measuring BMD and assessing fracture risk

(.

1.2. Imaging principles of DXA

At its core, a DXA scan utilises two X-ray beams with different energy levels.
These beams are directed towards the bones, typically at the hip and lumbar
spine, as these are common sites for osteoporotic fractures. The fundamental
physics lies in the differential X-ray absorption behaviour of these X-ray

photons by bone and soft tissue.

The bone, being much denser than the surrounding soft tissues, absorbs more
of the X-ray energy than soft tissue. By measuring the amount of each X-ray
beam that passes through the body, the DXA machine's software can calculate
a precise value for bone mineral content. This is then used to determine the

BMD, a key indicator of bone strength.

The clinical procedure itself is straightforward. The patient lies on a padded
table while a scanning arm passes over the targeted area. The radiation dose
from a DXA scan is minimal, significantly lower than a standard chest X-ray,

making it a very safe diagnostic tool.



Figure 2. Example image of a DXA Scan. The X-ray detector system is on the arm above the
table. The X-ray source lies below.

The primary importance of DXA in the context of osteoporosis is its ability to
provide a quantitative and accurate assessment of bone density. The results
of a DXA scan are typically reported as a "T-score” and a 'Z-score”. Diagnostic
thresholds offered by the World Health Organization have been widely
accepted (Table 1) (8), and these are:

WHO classification T-Score
Normal >-1.0
Low Bone Mass (Osteopenia) <-10to>-2.5
Osteoporosis <-25
Severe Osteoporosis < - 2.5 with fracture

Table 1. WHO definition of osteoporosis.

e T-score: This is the most critical value for diagnosing osteoporosis in
postmenopausal women and men over 50. It compares the measured BMD
to that of a healthy young adult of the same sex at their peak bone mass.
A T-score of -1.0 or above 1s considered normal. A T-score between -1.0 and

-2.5 indicates osteopenia, which i1s a state of lower-than-normal bone
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density that may progress to osteoporosis. A T-score of -2.5 or below is the

diagnostic threshold for osteoporosis.

e Z-score: This score compares measured BMD to that of an average person
of the same age, sex, and ethnicity. A significantly low Z-score may suggest

that a factor other than age is contributing to bone loss.

The early detection afforded by DXA is paramount, as it enables timely
intervention through lifestyle modifications, dietary changes, and medication

to help preserve bone mass and reduce the likelihood of debilitating fractures.

1.3. DXA accessibility and screening alternatives

The International Osteoporosis Foundation has reported that in several
regions, such as Eastern Europe, Central Asia, the Middle East, Africa, and
Latin America, access to DXA is insufficient (9). Even in well-equipped
countries like the US, DXA remains under-utilised. This highlights the need
for alternative strategies for the early detection of osteoporosis and fracture

risk stratification.

Despite its prevalence, awareness of the risk factors for osteoporosis among
the general population can be low. Many people may attribute a loss of height
or a stooped posture to normal ageing, rather than potential spinal fractures
caused by osteoporosis. This can lead to a failure to seek medical advice.
Furthermore, in a busy primary care setting, assessing osteoporosis risk may

not always be a top priority, leading to missed opportunities for referral.

Even when a referral for a DXA scan is made, patients can face lengthy
waiting lists. It is our personal experience in our institution that waiting time
for a DXA scan since ordered can be as long as 6-12 months. This translates
into a delay in the early identification of the disease and narrows the time

window for optimal preventive strategies to be established.

Opportunistic screening using medical imaging has emerged as a viable
strategy to identify at-risk populations without additional costs or extra

radiation exposure. Various studies have explored the use of computed
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tomography (CT) to estimate BMD, classify osteoporosis, and predict fracture
risk (10,11). However, its implementation in clinical settings faces limitations
related to radiation dose and accessibility. In contrast, conventional
radiography offers a more accessible and lower-cost alternative, with
sufficient spatial resolution to visualise bone texture, which correlates with

bone density and the detection of osteoporotic fractures (12).

Lower back pain has the highest global prevalence among musculoskeletal
conditions and is the leading cause of disability worldwide. It is estimated
that low back pain affects more than 619 million people globally, with a
projection of 843 million prevalent cases by 2050 (13). People of any age can
suffer from low back pain, including children and adolescents. The highest
number of cases occurs between the ages of 50 and 55, and women suffer from
it more frequently than men. The prevalence of lower back pain and the
resulting disability are highest among people aged 80 to 85. Recurrent

episodes of lower back pain become more common with age.

When a patient seeks medical attention for low back pain, the first imaging
technique that is indicated due to its high accessibility and low cost 1s a plain
X-ray of the lumbar spine, most often with anteroposterior and lateral views.
Because osteoporosis and low back pain share common risk factors, they tend
to occur in the same population rich in postmenopausal women. Thus, the
likelihood of having a lumbar spine X-ray available for a late middle-aged
person in most modern healthcare settings is higher than any other imaging
modalities. Using already existent information in electronic health records
(EHRs) for the screening of disease is a rapidly growing area of research.
Recent studies are leveraging advanced techniques, particularly machine
learning (ML) and artificial intelligence (AI), to analyse the complex
information contained within EHRs to predict and screen for a wide range of
conditions, mostly cardiovascular disease, chronic kidney disease or even

dementia (14—-16).

Advances in Al and deep learning (DL) have enabled the development of

automated tools for the analysis of medical images, with promising results in



fracture detection, BMD assessment, and fracture risk estimation from plain
radiographs (17). In a recent study, a DL-based algorithm achieved
correlations of 0.92 and 0.90 between estimated and DXA-measured BMD in
the hip and lumbar spine, respectively. These results suggest that DL
algorithms can be effective tools for expanding osteoporosis screening and

reducing the burden associated with fragility fractures.

1.4. The problem of Health Data Integration

Healthcare systems today generate vast amounts of data across multiple
platforms and formats, creating a complex digital ecosystem. Modern medical
institutions rely on various specialised systems including Picture Archiving
and Communication Systems (PACS) for medical imaging, EHRs for patient
documentation, Laboratory Information Systems (LIS) for test results, and
numerous monitoring devices that capture real-time physiological data. Each
system serves a specific purpose but often operates in isolation, creating what

1s commonly referred to as data silos.

The fragmentation of healthcare data presents significant challenges for
clinical decision-making and research advancement. In the specific case
involving DXA scans, critical clinical information such as patient
demographics, imaging system information and bone mineral measurements
i1s embedded within JPEG images stored in the PACS. Healthcare
professionals must manually extract and transcribe this information, a
process that is time-consuming, prone to human error, and fundamentally
unscalable when dealing with large patient populations or retrospective

studies.

The transformation of unstructured medical images into structured,
machine-readable data opens numerous possibilities for advanced clinical
analytics. An automated system that can extract structured information from
medical images not only reduces administrative burden but also improves

data consistency and reduces the potential for transcription errors.



This project seeks to develop a DL-based algorithm capable of detecting
osteoporosis and estimating BMD using plain radiographs, with the aim of
reducing waiting times for DXA and the costs associated with diagnosis. This
strategy has the potential to improve the early detection of osteoporosis,
allowing for early intervention and better management of fracture risk in the

general population.

1.5. Contribution of the current work

The current work presents an Optical Character Recognition (OCR)-based
pipeline unlocks the potential of the unexploited information contained in
DXA reports by converting raw images into editable, integrable and workable

text. The pipeline enables to:

e Extract information from large image datasets in a fast, accurate and
unassisted way. Batch-processing DXA images can generate big
datasets that can be further used to train ML or DL models for
osteoporosis and fracture prediction.

e Integrate complete and error-free DXA information into EHRs, where
plain text information is recorded.

e Save time to healthcare professionals by eliminating the manual copy

and paste tactic employed until now.



2.0bjectives

The primary objective of this project is to develop a pipeline that:

e Selects and extracts tables of interest from a DXA report as image
format (JPEG),

e Converts each table into text using OCR technology, and

e Merges the data extracted from all tables in a unified data frame

containing all the information of interest.

This pipeline is framed within a larger main branch of a research project
seeking to estimate bone mineral density and fracture risk from plain X-ray
radiographs of the lumbar spine. Workable data in a tabular readable format

1s a prerequisite to develop more complex models.
The secondary objectives of our project are:

e Enabling healthcare professionals to reduce data entry errors in EHRs
and improve efficiency by reducing hand typing DXA results.
e Facilitating Health Data Integration of unstructured image data for

clinical use or further research.



3.State-of-the-art

3.1. Opportunistic screening of osteoporosis

The use of routine scans for opportunistic osteoporosis screening was one of
the earliest and most successful applications of this concept. The methodology
1s based on the principle that the X-ray attenuation values measured by a CT
scanner, expressed in Hounsfield Units (HU), are directly correlated with
tissue density. By measuring the mean HU value within the trabecular
(spongy) bone of a vertebral body—typically the first lumbar vertebra (L1), as
it 18 commonly included in both chest and abdominal CT scans—a reliable
estimate of bone density can be obtained (18). The clinical and economic
impact of this technology has been substantial. A recent large-scale study of
the Medicare population demonstrated that opportunistic CT screening could
more than double the overall screening rate (an increase of 113%) without
any additional imaging (19). The study projected that the early identification
and subsequent treatment of at-risk patients could result in annual
healthcare cost savings of nearly $2.5 billion in the U.S. by preventing costly

fragility fractures.

While CT-based screening is highly effective, the most ubiquitous, low-cost,
and lowest-radiation imaging modality in medicine is the plain radiograph,
or X-ray. Consequently, developing methods to estimate BMD from routine
X-rays of the hip and spine represents the forefront of research into
accessible, population-scale opportunistic screening. The challenge is greater
than with CT, as a 2D radiograph is a projection image where the attenuation
information from bone is superimposed with that of overlying soft tissues.
However, the fine spatial resolution of radiographs allows for the
visualization of subtle bone textures and trabecular patterns that are

correlated with bone density.

DL, particularly the use of deep Convolutional Neural Networks (CNNs), has
proven exceptionally capable of learning these complex, subtle image

signatures that are often invisible to the human eye but predictive of BMD
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(17). A multitude of studies have successfully applied various CNN
architectures to this task, including well-established models like VGG,
ResNet, EfficientNet, and DenseNet, often leveraging transfer learning to

enhance performance (20).

A landmark study in this domain is that of Hsieh et al which is of direct
relevance to this thesis (17). The authors developed a fully automated, three-

step DL pipeline:

e Automated ROI extraction with detection of key anatomical landmarks on
pelvis or lumbar spine radiographs. These landmarks are then used to
precisely and automatically extract the ROIs for the hip and individual
lumbar vertebrae (L1-L4).

e Automated quality assessment by dedicated neural networks (NNs) that
automatically check the quality of the extracted ROIs, excluding any that
contain fractures, surgical implants, or other morphological abnormalities
that would confound a BMD measurement.

e BMD prediction using CNNs (using VGG-16 and ResNet-34 backbones)
that takes the clean ROIs as input and predicts the corresponding DXA-
equivalent BMD value. The model also uses the predicted BMD to
calculate a T-score and estimate the 10-year fracture risk using the

FRAX® tool (7).

The performance of this system, validated on a large retrospective cohort of
over 25,000 patients, was remarkable. The Pearson's correlation coefficient
between the Al-predicted BMD and the ground-truth DXA-measured BMD
was exceptionally high, reaching 0.92 for the hip and 0.90 for the lumbar
spine. The model demonstrated excellent diagnostic accuracy for identifying
osteoporosis (defined as a T-score <-2.5), achieving an area under the curve
(AUC) of 0.89 and an overall accuracy of 91.7% for the hip. In a real-world
clinical simulation, the tool was able to confidently classify or rule out
osteoporosis for nearly 85% of patients, suggesting that its widespread
implementation could potentially reduce the number of required DXA scans

by a similar margin.
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This work is part of a growing body of evidence demonstrating the high

potential of this approach. Table 2 summarizes key findings from several

influential studies in the field, illustrating the consistency of results across

different anatomical sites and model architectures.

Study (Year) Imaging DL Correlation with AUC for
Modality Architecture(s) DXA BMD Classification
Hsieh et al. | Pelvis AP, VGG-16, ResNet- Hip: 0.92, Spine: 0.90 Hip: 0.89, Spine:
(2021) (17) Lumbar 34 Ensemble (Pearson’s r) 0.89
Spine AP
Hong et al Lateral EfficientNet-B4 Not Reported 0.85 (Internal),
(2023) (21) Spine 0.83 (External)
Radiograph
Sato et al.| ChestX- ResNet-50 Not Reported 0.84
(2022) (22) ray
Jang et al Hip AP VGG-16 with Not Reported 0.87
(2021) (23) Radiograph Non-local
Network
Zhang et al. Lumbar Not Specified Not Reported 0.77
(2023) (24) Spine X-ray (CNN)

Table 2. Summary of key studies on DL-Based BMD estimation from plain radiographs.
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3.2. Methods for extracting tables from images

The automated conversion of visual information within document images into
a structured, machine-readable format is a central problem in document
analysis, formally known as table recognition (TR). This process is more
complex than simple OCR as it requires not only recognizing characters but
also understanding their spatial and logical relationships. The TR task is
universally deconstructed into two primary, sequential sub-tasks: Table

Detection (TD) and Table Structure Recognition (TSR) (25).

Before the widespread adoption of DL, TR was primarily addressed through
heuristic or rule-based approaches. These methodologies leverage classical
computer vision algorithms and a set of predefined rules, often tailored to a
specific document domain, to identify and parse tables based on explicit visual
cues such as lines, whitespace, and text alignment. The core principle of this
paradigm is to exploit the predictable formatting conventions of structured
documents. Several key techniques form the foundation of heuristic TR
systems, such as coordinate-based cropping, colour-based segmentation, line

detection, contour analysis and Hough transform.

More recently, there has been a paradigm shift in computer vision, with data-
driven DL models supplanting many classical, rule-based systems. This
revolution has extended to document analysis and table recognition,
reframing the problem from one of rule engineering to one of learning feature
representations directly from data. Instead of relying on handcrafted features
like lines and whitespace, DL models, particularly CNNs, learn to identify
the salient visual patterns that define a table through training on vast

datasets of examples.

An alternative approach frames the problem as one of semantic segmentation,
where the goal is to classify every pixel in the image as belonging to a specific
class (e.g., table, column, row, or background). This is often accomplished
using Fully Convolutional Networks (FCNs), such as the U-Net architecture.
These models produce a pixel-wise mask that can precisely delineate tables
of arbitrary shapes. Influential systems like DeepDeSRT employ this

12



strategy, using separate FCNs to generate masks for the table region and for
the column separators within it, which are then combined to reconstruct the

table structure (26).

Some research has focused on developing unified, end-to-end models that
perform both table detection and structure recognition within a single
network. TableNet, for instance, uses an encoder-decoder architecture where
the encoder learns a shared feature representation of the input image, and
two separate decoder branches use this representation to simultaneously

predict a mask for the table region and a mask for the columns (27).

The success of this data-driven paradigm is critically dependent on two key
factors. First is the availability of large-scale, publicly annotated datasets.
Datasets like Marmot and, more recently, the massive PubTabNet—
containing over 500,000 table images with corresponding structured HTML
representations—have been instrumental in training and benchmarking
these data-hungry models (28). Second is the concept of transfer learning.
Given the relative scarcity of annotated document images compared to
natural scene images, a common and highly effective strategy is to initialize
a model with weights pre-trained on a large natural image dataset (like
ImageNet) and then fine-tune it on the smaller, domain-specific table dataset.
This allows the model to leverage general visual features learned from
millions of images and adapt them to the specific task of document analysis,
significantly 1improving performance and reducing training data

requirements.

The choice between a heuristic and a DL approach for table recognition
represents a fundamental trade-off between specialization and
generalization. A critical analysis reveals that neither paradigm 1is
universally superior; rather, the optimal methodology is dictated by the

specific constraints and characteristics of the problem domain.

DL models represent the state-of-the-art in terms of raw performance on
diverse and complex documents. Their core strength is generalization: the

ability to accurately process documents with varied and previously unseen
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layouts without modification. This robustness comes at a significant cost. DL
models are computationally intensive, often requiring specialized hardware
like GPUs for acceptable performance. They are data-dependent,
necessitating large, meticulously labelled datasets for training. Furthermore,
their decision-making processes are often opaque, earning them the label of
"black box" models, which can make debugging and interpretation

challenging.

On the other hand, heuristic approaches are computationally lightweight,
exceptionally fast on standard CPUs, require no training data, and their rule-
based logic is highly interpretable ("white box"). Their well-documented
weakness is brittleness; they are rigidly designed for a specific format and

will fail if the layout deviates from the expected rules.

This analysis leads to a crucial conclusion regarding the design of the data
extraction pipeline for this thesis. The input documents—DXA reports
generated by a specific Hologic® system over a defined five-year period—are
highly standardized and template-based. They exhibit minimal to no
variation in the layout or position of the key data tables. In such a constrained
environment, the primary value proposition of the DL approach—its ability
to handle layout diversity—is nullified. The problem is not one of general

"document understanding" but of deterministic "data location."

Therefore, employing a complex, resource-intensive DL model for this task
would be an inefficient allocation of computational resources, expending
significant effort to solve a problem (locating the tables) that is already solved
by the inherent consistency of the input data. Conversely, the primary
weakness of the heuristic approach—its brittleness—is completely
neutralized by this same structural consistency. In this context, a well-
designed heuristic pipeline, such as the one developed for this project, is not
a compromise or a technically inferior choice. It is the most pragmatic and
efficient engineering solution, one that is intentionally specialized and

optimized for the specific constraints of the task at hand.
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4.Design and development

We aimed to design a pipeline capable of taking one or more raw DXA images
as input and producing a Comma Separated Value (CSV) file in long format
as output, containing the target information from the tables of interest. A

summary of the steps followed by the pipeline are depicted in Figure 3.

DataFrame

|

\
]
g ¢ ""
JSON

- 0
column

Figure 8. Summary of the pipeline. The numbers represent the sequential steps. Steps 1
and 2 are only performed for the development of the pipeline.

The pipeline was developed on a local computer with the following
specifications: Operative System Windows 11, Python 3.13.5, PyTorch
2.80+cul28 CUDA 12.8 and GPU NVIDIA GeForce RTX 4060 with 8.6 GB
VRAM.

This project obtained the approval of the Clinical Research Ethics Committee
(CEIm for its acronym in Spanish) from the Hospital Universitari i Politécnic
La Fe (Registry Number 2025-0493-1). The raw DXA images were requested
to the institution’s Clinical Documentation and Admissions Unit (UDCA for
its acronym in Spanish), responsible for the management of the clinical-care

information system.

The UDCA provided a primer of 100 de-identified DXA images for developing
and testing the pipeline. Specifically, the training dataset comprised 70
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lumbar spine DXA images. The test dataset was made of 30 lumbar spine
DXA images that were never used for the development of the pipeline and
only employed for performance evaluation. As shown in Table 3, the
proportion of reports for the different years is kept between the training and

test dataset.

Year 2025 2024 2023 2022 2021 2020 Total
Training | 17 27 12 6 5 3
(70%) (24.3%) (38.6%) (17.2%) (8.6%) (1.2%) (4.3%)
Test 7 11 5 3 2 2

30

(30%) | (23.3%) (36.6%) (17%)  (10%) (6.7%) (6.7%)

Table 3. Number of images according to acquisition year and dataset origin.

4.1. Step 1. Inspection of images: Identification of ROlIs.

During the first phase of the project design (Figure 3, step 1), a small subset
of 10 DXA report images (2 reports per year) were analysed by our team to
manually identify the layout and the location of the regions of interest (ROIs).
The densitometry images in the dataset were 24-bit RGB colour images in
JPEG (jpg) format and uniform dimensions (1420x1200 pixels) with an
estimated size of 200-300 KB per image. The whole image background was
dark grey (RGB 128,128,128). Table borders and cell backgrounds were
uniformly light grey (RGB 222,222,222). An example of DXA report image is

shown in Figure 4.

Our team collaborated with rheumatologists with valuable experience on the
field of bone health and DXA interpretation to identify the most important
areas for data extraction. Reports from the past five years (2020 — 2025) were
analysed, so that variations in the layouts (if any) were considered. Major
position changes of the ROIs within the image were not present for any of the
reports examined. Only minor variations in x and y coordinates of the ROIs

could be found between reports of different years.
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Eventually, three tables were identified as targets for their identification and
extraction: ‘patient_table’, ‘exam_table’ and ‘dmo_table’. A fourth region
common to all DXA reports (‘graph’ in Figure 2) consisted of a rectangular
area with a miniature image depicting the anterioposterior aspect of the
scanned lumbar segments (left) plus a colour map indicating the patient’s risk
of fracture according to age and BMD values (right). Our team was advised
not to extract this graph area because its sole purpose was to improve the
patient’s legibility of the document. Besides, this information was redundant
because it was detailed within the dmo_table (Figure 4). For this reason, this

‘eraph’ area was excluded from the pipeline.

| 12202400
| L Spine
: |20122028 1054
|sm
|20.122004 1180
[
| Hrien W (5430868430
|

(13813

HOLOGIC

Figure 4. Example of one raw DXA report containing the three tables of interest for
extraction (solid red borders) and the merely informative graph area (dotted pink border).
Sensitive patient data has been removed.
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The patient table contains demographic information about the patient. It is a
2x2 table, containing key-value (left — right) pairs. The fields in this table

invariably were:

1. Name. Patient’s name and surname in a unique field.

2. Patient’s ID. Unique identifier for the patient in the whole
demographic area.

Second ID. Second optional unique identifier.

Postal Code of the patient.

Gender.

Race.

Height in cm.

Weight in kg.

© ° N o O W

Date of birth in dd.mm.yyyy format.
10.Age.
11.Age of menopause

12.Referring doctor.

Some fields were always empty in the training dataset: ID 2, Postal Code and
Referring Doctor. Besides, the expert group considered this information
unnecessary, so these fields were excluded from the extraction pipeline. The
final set of target variables for extraction were nine: surname, id, sex, race,

age, date of birth, weight, height, age of menopause.

The order of the rows in this table was invariable in the reports examined for
training. However, it is important to note that there were variations in the
language of the keys and values. Most of the reports were in Spanish, but a
few of them were displayed in English. This had to be taken into consideration
when designing a solution for detecting and extracting the text (discussed in

Chapter 4).

The exam table contains information about the acquisition system and the
circumstances of the exam. It is also a 2x2 table, containing key-value (left —

right) pairs. The fields in this table are always:

18



Scan Date. Date of the scan in dd.mm.yyyy hh:mm format.
Exploration Type. Scan location: Spine, wrist or hip.
Analysis Date. Same as Scan Date and Report Date.
Analysis Protocol. Same value as Exploration Type.
Report Date. Same as Scan Date and Analysis Date.
Institution.

Operator.

Model

e A o T A o

Comments

10. Software version

Many fields in the ‘exam_table’ were redundant. For example, there were no
different dates for Scan, Analysis or Report (they all pointed to the same date
and time of data acquisition). The final fields selected as of interest from this
table were three: Exploration Type, Analysis Date and Model. The fields
Institution, Operator and Comments were always empty in the training

dataset and thus were excluded from the pipeline.

The dmo (‘densidad mineral 6sea’ or bone mass density) table is the most
important as it contains information about the measurements of bone mass

and its comparison with healthy (T-score) and same age (Z-score) cohorts.

Unlike the others, this table has a variable number of 3 to 6 rows (header,
vertebral levels and total) but a fixed number of 8 columns. In most cases, a
complete exam comprises 6 rows and 8 columns. The variation in the number
of rows depends on the number of vertebral levels analysed. The standard
protocol involves measuring the bone mineral density (BMD) from L1 to L4
vertebrae, while L5 1is typically excluded as recommended by the
International Society for Clinical Densitometry (29). However, some vertebral
levels can be missing from the report if the patient has metallic implants,
previous fracture or significant degenerative changes at a given vertebral
level. In these cases, the affected vertebrae are excluded from analysis by the

operator because falsely high BMD measurements can be taken. In this table,
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the variables of interest are the columns, so that for each vertebral level we

have:

1. Region. ‘L.’ for lumbar + number of vertebrae.

2. Area (A) of the vertebrae in anteroposterior view in cm2.

3. Bone Mineral Content (BMC)in grams. Total amount of mineral
content in the vertebrae.

4. Bone Mineral Density (BMD). Principal measure. It is the result of
BMC / A. Represents the mineral density of the bone.

5. T-Score. See Introduction for details.

6. Maximum Reference (RM). Represents the age-matched equivalent or
"Bone Age" for that specific vertebral level.

7. Z-Score. See Introduction for details.

8. Age-matched (AM). Age-match against the opposite gender's reference

population.

The target fields commonly used in clinical practice are region, area, BMC,
BMD, T-score and Z-Score. Comparisons with the reference population are
taken from T and Z-scores, and not from age-matched variables (RM and
AM). These two variables were not excluded from the pipeline, but no

optimization for their extraction or parsing was performed.

4.2. Step 2. Annotating the ROIs.

The first step in the pipeline (see Figure 3, step 2) began with manual
annotation of the ROI using Labellmg, an open-source graphical image
annotation tool (30). Initially, 20 DXA reports were manually segmented to

obtain the coordinates of the three ROIs or tables.

Each image was annotated using PascalVOC XML format, generating
bounding box coordinates (xmin, ymin, xmax, ymax) for each table region. To
ensure comprehensive table capture across all images in the dataset,
universal coordinates were derived by calculating the extreme values from all

annotated samples:

e Patient Data Table: xmin=8, xmax=401, ymin=169, ymax=637
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e Examination Data Table: xmin=8, xmax=391, ymin=670, ymax=1087

e DMO Data Table: xmin=401, xmax=1190, ymin=707, ymax=984

These universal coordinates were selected using a conservative approach
(minimum xmin/ymin, maximum xmax/ymax) to prevent any table content
from being cropped during the extraction process. This was necessary
because, although all images in the dataset had identical dimensions, there

were slight (few pixels) variations in the layout structure.

4.3. Step 3. Cropping the tables.

The original densitometry images were processed using OpenCV to extract
the three table regions based on the universal coordinates (Figure 3, step 3).
For each input image, three separate ROI crops were generated using array
slicing operations. This step produced initial table crops that contained the
target tables but often included surrounding background areas and potential

noise, like table titles or footnotes (Figure 5).

4.4. Step 4. Refining the table boundaries.

To precisely delineate table boundaries and remove extraneous background,
a colour-based refinement step was implemented (Figure 3, step 4). Through
visual inspection of the densitometry reports, the table background was
identified as a consistent light grey colour with RGB values approximately
(222, 222, 222), with slight variations in the range (215-235, 215-235, 215-
235).
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Figure 5. Resulting tables after applying coordinate cropping. Mind the dark-grey

Edad de
menopausia:

Meédico remitente:

Male
‘White

1750cm

89.0kg
12.05.1946

177

Region Area
[em’]
L1 1486
L2 16.54
L3 12,63
L4 15.16
Total 59.19

Resumen de resultados:

CMO
(€3]

13.64
17.59
1573
16.66
63.62

DMO

[g/em’]
0918
1.063
1.246
1.099
L0758

T-
score

-14
-03
13
0.1
-0.1

CV de DMO Total 1.0%, ACF = 1.026, BCF = 0.999, TH = 9.245

Informacidn de la exploracién:

Fecha exploracién:
Tipo exploracién:
Fecha de anilisis:
Protocolo de anilisis:
Fecha de informe:
Institucién:
Operador:

Modelo:
Comentario:

Ver. software:

28 February 2024 - A02282406
|f Lumbar Spine

28.02.2024 0926

Spine

128.02.2024 0937

Horizon W (S/N306654M)

1136.1.3

RM (Referencia
maxima)

86
97
113
101

z AM (Edad
score coincidente)
-0.4 95
0.8 109

24 127
12 114
Lo 111

background areas surrounding the tables, some with titles and footnotes. Patient table was

de-1dentified.

The refinement process involved:

e Colour mask generation. Converting cropped images to RGB colour

space and applying cv2.inRange() to create binary masks identifying

light grey table regions.
e Contour detection. Using cv2.findContours() with RETR_EXTERNAL

flag to identify table boundaries.

e Boundary box calculation. Selecting the largest contour (corresponding

to the main table) and computing its bounding rectangle using

cv2.boundingRect().

e Final cropping. Extracting the refined table region using the computed

boundaries.

This colour-based refinement effectively removed non-table background

areas, resulting in tightly cropped table images with minimal extraneous

content (Figure 6).
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Nombre:

ID del paciente:
Identificador 2:

Codigo postal:
Sexo: Male Fecha exploracién: 28 February 2024 - A02282406
Raza: White Tipo exploracion: f Lumbar Spine
Alars: 175.0 em Fecha de anilisis: 28.02.2024 0926
Poso: 89.0kg Protocolo de anilisis: Spine
Fecha de informe: 28.02.2024 09:37

Sschsd 12.05.1946
nacimiento: - Institucién:
Edad: 7 Operador:
Edad de Modelo: Horizon W (§/N306654M)
menopausia: Comentario:
Meédico remitente: Ver. software: 136.13
Resién Area CMO DMO T- R\ (Referencia z AM (Edad

i [em?] (21 [g/em’] score maxima) score coincidente)
L1 14.86 13.64 0918 -14 86 -04 95
L2 16.54 17.59 1.063 03 97 0.8 109
L3 12,63 15.73 1.246 13 113 24 127
L4 15.16 16.66 1.099 0.1 101 12 114

Total 59.19 63,62 1.075 0.1 99 1.0 111

Figure 6. Refined tables after cropping. Note that grey surrounding areas have been
removed.

4.5. Step 5. Image to Text conversion with OCR.

After table identification and extraction, the next fundamental challenge
involves converting the characters of the cells into editable text (Figure 3,
step 5). For this purpose, this project leverages OCR, the technology that
converts images of typed, handwritten, or printed text into machine-encoded
text. The origins of OCR trace back to the early 20th century (31), but it was
not until the advent of digital computing in the 1970s and 1980s that OCR
became commercially viable, when companies like Kurzweil Computer
Products introduced systems capable of recognising printed text in various

fonts (32).

Contemporary approaches leverage deep NNs—particularly transformer-
based architectures derived from models like Donut (Document
Understanding Transformer). These systems can handle multiple languages,
varying fonts, and complex layouts with remarkable accuracy. In the context
of medical densitometry reports, OCR serves a crucial function: It transforms

the visual representation of numerical measurements, patient demographics,
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and acquisition system parameters into structured, machine-readable text

that can be processed programmatically. Table 4 offers an overview of the

features of the most popular OCR engines available in Python.

Feature Pytesseract EasyOCR PaddleOCR Surya
Full DL toolkit Two-step DL
Python wrapper
Pure Python by Baidu. Has pipeline: a layout
for Google's
Core library using models for detection model
Tesseract engine
Technology CRNN (DL) detection, and a separate
(C++). Uses
models. direction, and text recognition
LSTMs (DL).
recognition. model.
Installation Complex Very Easy Easy Easy
Good. A solid
Very Good. Excellent. Often
baseline but can
Generally, more state-of-the-art Excellent. State-
struggle with
accurate and accuracy. Very of-the-art,
Accuracy noisy images or
robust than strong in especially when
unusual fonts
Pytesseract out-of- multilingual layout is complex.
compared to
the-box. contexts.
newer models.
Advanced.
Text Detection Primary Feature.
Includes
Basic. Can detect | Only. Excellent at Has a powerful,
dedicated models
lines and blocks finding bounding dedicated model
for table
Layout of text (using boxes for lines of for identifying
structure )
Detection | PSMs) but has no text, but not at N text lines,
) o ) recognition,
advanced table or | identifying higher- paragraphs,
making it a full
column analysis. level structures tables, figures,
document
like tables. etc.
analysis tool.
Language
Excellent (100+) Very Good (80+) Excellent (80+) Excellent (90+)
support
Simple OCR ) ) High-accuracy
Quick projects, Complex layout
tasks, projects applications,
beginners, pure documents
Best for... with existing especially for
Python (tables, columns,
Tesseract multilingual
) dependencies. headers)
dependencies documents

Table 4. Main OCR engines available in Python.
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For our project, PyTesseract, FasyOCR and Surya were tested on the refined
tables for character recognition. Py7Tesseract yielded the worst results
regarding accuracy, and no position information could be obtained from the
extracted texts. FasyOCR performed well on character recognition, but errors
were also common and, furthermore, no information about the position of the
bounding box in the table could be retrieved (Appendix, Table S1). Of all
three, Surya yielded the best accuracy, and the precise report on the
coordinates of the bounding boxes could be used to reproduce the table

structure in the next steps.

4.6. Step 6. Parsing OCR output & Data frame creation.

The final component of the pipeline addresses the data wrangling challenge,
1.e., the process of transforming and mapping raw data into a format suitable
for analysis (Figure 3, step 6). Even with successful layout detection and text
extraction, the output from OCR engines typically consists of unstructured or
semi-structured text with positional information (bounding boxes) that must

be parsed, validated, and organised into meaningful variables.

This parsing phase involves several complex tasks: identifying key-value
pairs (such as "Patient ID: 1811967"), extracting measurements from tabular
structures, handling variations in formatting and terminology, and managing
potential OCR errors or ambiguities. The challenge 1s compounded by the
need to maintain associations between related data points—ensuring that a
T-score is correctly linked to its corresponding skeletal region (L1, L2, L3, or

L4), for instance.

The parsing logic was consolidated within the so named multiparser.py script,
which orchestrates the extraction of patient demographics, examination
metadata and densitometry measurements into a unified pandas DataFrame

structure.

The fundamental innovation of the MultiParser system lies in its use of
spatial coordinates provided by Surya OCR to reconstruct the logical

structure of the document. Each text element from OCR includes:
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e text: The recognised text string
¢ bbox: Bounding box coordinates [x_min, y_min, x_max, y_max]
e confidence: OCR confidence score

e polygon: Four-corner polygon for precise text location

This positional information transforms raw OCR output into structured data
by enabling the parsers to understand not just what text is present, but where

it appears—crucial for maintaining the semantic relationships.
The parsers operate on a pixel-based coordinate system where:

e X-axis: Horizontal position (0 = left edge)
e Y-axis: Vertical position (0 = top edge)

e Thresholds: Configurable tolerances for grouping elements
Key threshold parameters used throughout:

e ROW_THRESHOLD: 10-15 pixels (vertical grouping tolerance)

e COLUMN_GAP_THRESHOLD: 200-300 pixels (maximum horizontal
gap for key-value pairs)

e VERTICAL_OVERLAP_THRESHOLD: 0.7 (70% overlap required for
same-line detection)

e HORIZONTAL_ALIGNMENT THRESHOLD: 0.5 (50% overlap for

vertical field association).

Custom adjustments were made to each of the three parsers for each specific
type of table. For example, for the patient’s table, weight and height
normalization, multiple language recognition (English and Spanish) or date
parsing were implemented. The singularities for the engineering of each
parser are described in Chapter 5. The code for the MultiParser and the

individual parsers are provided as Supplementary Materials.
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5.Experiments and results

5.1. Experiments

During the training phase, all images obtained after cropping were manually
reviewed to detect accidental trimming of essential information within tables
that would prevent the pipeline from recognizing the text in downstream
steps. Because more images were now used for training than for manual
segmentation (70 vs 20), slight changes to the initial coordinates had to be
made as some table cells were truncated. Coordinates were slightly adjusted
after visual inspection to the following (in bold the modified coordinates

relative to previously set), so that no table was incorrectly cropped.

e Patient Data Table: xmin=8, xmax=401, ymin=169, ymax=637
e Examination Data Table: xmin=8, xmax=391, ymin=670, ymax=1095

e DMO Data Table: xmin=401, xmax=1190, ymin=690, ymax=1000

Visual examination after refinement of all images yielded a 100% of accuracy,
meaning that all tables were correctly delimited and no cells had their text

trimmed.

Before selecting the cropping and refining method as final, we performed tests

with other available libraries with different approaches.

5.1.1. Cropping with OpenCV Template matching

OpenCV's template matching is a method for finding a smaller image (the
template) within a larger one (the source image). The template image slides
over every possible location of the source image, and for each position, a
calculation is performed to see how well the template "matches" that specific
area of the source. When implemented in our project, most of the tables were
correctly identified and extracted. However, there were some important

drawbacks that prevented us from using this method:

e Some images can get missed, and these heavily rely on the template

given. There may be other areas sharing more common features with
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the template than the real target, so the ROI can mistakenly be pulled
out (Figure 7).

e This method crops the images to the resolution given as input
template, so even if the table is correctly identified, it can become
truncated.

e It is comparative slower than when coordinates are hard-coded.

Because these errors are avoided when fixed coordinates are provided and

efficiency is also improved, we chose this latter approach.

-———
_ Nombre:

ID del paciente:

Identificador 2:

Cadigo postal:

Sexo: Female
Raza: White
Altura: 156.0 cm
Peso: 80.0 kg

Fecha de nacimiento: 20.03.1954

36 M 85 a0 &5 40 S5 40 BS TO TS 40 4

Bdad Edad: 69

Edad de menopausia: 48

Médico remitente:
[—
o A’u: | cMO | DM? T RM (Referencia iz AM (Edad
[em’] @ | [glem’) score mixima) | score coincidente)
L1 10.86 5.99 0552 -40 56| -17 74
L2 1274 | 143 0583 | -40 57| -16 77
Total 23.61 13.43 0.569 37 58| 14 79

/ de DMO Total 1.0%, ACF = 1,026, BCF = 0,999, TH = 6.633

Riesgo de fractura: Alo; Clasificacion de la OMS: Osteoporosis

Figure 7. Results of obtaining the tables using template matching. Some ROIs are wrongly
identified, like the colour part in some of the DXAs mistaken as a patient table (upper left).
Other patient tables are not cropped accurately (upper right, bottom)

5.1.2. Table layout detection with img2Table

The tool imgZtable uses classical computer vision techniques from the
OpenCV library to detect tables, rather than a DL approach. Using the
information from either line detection or contour analysis, the library
reconstructs the complete table structure. It creates a data representation of
the grid, defining the exact coordinates (bounding box) for each individual

cell. This grid of cell locations is then ready to be sent to an OCR engine to
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extract the text from each cell. However, when test in our images, many of
the cells were not properly identified (Figure 8), so we abandoned this

approach.

RM (Referencia AM (Edad
maxima) coincidente)

CV de DMO Total 1.0%, ACF = 1.026, BCF = 0.999, TH=7.105

Figure 8. Table Layout detection using img2table. Some cells are not correctly identified as
shown by the solid red Iine. Some cells in T-score and AM columns are not identified as
such.

5.2. Results

5.2.1. Performance on the patient_data table

The overall performance of the pipeline on the patient table is excellent. All
target rows are accurately captured (100%). The parser outputs a data frame
in wide format, each row representing one patient and each column
representing one field of the demographic data. All NA values come from the
‘menopause’ field. These values are already missing on the original images,
as the input of this field is operator dependant. No true NA values (present

in the image but missed by the pipeline) are found in this table.

Training dataset (n = 70)

Expected rows 70
Detected rows (%) 70 (100%)
Total fields 560
Wrong fields 0

Total NAs (%) 34 (6%)
True NAs (%) 0 (0.0%)

Table 5. Performance of the pipeline on the patient_data tables in the training dataset.
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Test dataset (n = 30)

Expected rows 30
Detected rows (%) 30 (100%)
Total fields 240
Wrong fields 0

Total NAs (%) 15 (6.25%)
True NAs (%) 0 (0.0%)

Table 6. Performance of the pipeline on the patient._data tables in the test dataset

The fundamental approach of the parser relies on spatial coordinate analysis
to reconstruct the logical relationships between field labels and their
corresponding values. The script uses the knowledge of the table layout,
where information is presented in a left-aligned label format followed by
right-aligned values. OCR processing fragments this visual structure into
individual text elements with coordinate positions. The script rebuilds these
relationships by analysing the horizontal positioning of text elements, using
a coordinate threshold to distinguish between labels appearing on the left side

of the document and values positioned to the right.

The spatial separation mechanism employs a horizontal coordinate threshold
of 120 pixels to categorise text elements. Elements positioned to the left of
this threshold are treated as potential field labels, whilst those to the right

are considered candidate values.

The script accommodates both English and Spanish words. The key mapping
system includes not only direct translations but also recognises truncated text
fragments that commonly result from OCR processing limitations. This
flexible matching mechanism proves important when dealing with complex
field names that frequently span multiple lines in source documents. Terms
like "Fecha de nacimiento" (birth date) often appear split across separate text
lines due to formatting constraints or OCR segmentation decisions. The script
addresses this through text merging logic that recognises partial key phrases

and reconstructs complete field identifiers from fragmented components.
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The implementation includes specific handling for commonly problematic
fields such as birth date and menopause age, where Spanish terminology
frequently exceeds single-line capacity in document layouts. The algorithm
searches for partial matches like "fecha de" or "naci" and employs contextual
analysis to determine whether subsequent text lines contain the completion
of these field names. This approach significantly improves extraction

accuracy for documents with variable formatting or OCR quality issues.

Patient name extraction presents unique challenges because names
frequently span multiple text elements and may appear in various cultural
formats. The script implements specialised logic for name processing that
recognises the common practice of presenting surnames and given names as
separate elements. The algorithm attempts to identify both components and
reconstruct complete names while handling cases where only single name
elements are successfully captured by OCR. The name processing logic
employs proximity-based matching to associate name components that
appear near "Nombre" or "Name" field labels. When multiple potential name
values are detected, the algorithm prioritises the value closest to the field
label based on vertical coordinate analysis. This approach accommodates
documents where names appear in varying positions relative to their labels

whilst maintaining accuracy in field association.

For situations where traditional key-value pairing fails, the script includes
fallback detection mechanisms that search for characteristic values
throughout the document text. Sex and race information, for example, can be
identified through value-based pattern matching when explicit field labels
are not successfully recognised. This dual-approach strategy significantly
improves data completeness when dealing with documents that have

irregular formatting or poor OCR quality.

Numeric fields like height and weight undergo intelligent unit conversion
that recognises when values appear in unexpected units. Heights exceeding

250 are assumed to be recorded in millimetres rather than centimetres and
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are automatically converted, whilst weights over 300 are treated as gram

measurements requiring conversion to kilograms.

Date processing employs flexible pattern matching that accommodates
multiple date formats. The algorithm searches for various delimiter patterns
including dots, slashes, and hyphens, whilst handling both two-digit and four-

digit year representations.

Age fields receive careful validation to ensure numeric consistency, with the
script converting text representations to appropriate integer formats whilst
preserving missing data indicators for incomplete records. Special handling
for menopause age acknowledges that this field may be irrelevant or
unavailable for certain patient populations, maintaining data integrity

through nullable integer conversion.

The coordinate-based matching algorithm includes proximity validation that
ensures field labels and values are reasonably associated before creating data
pairs. The twenty-pixel tolerance threshold prevents erroneous associations
between spatially distant text elements whilst accommodating minor
positioning variations that commonly result from document scanning or OCR

processing inconsistencies.

5.2.2. Performance on the exam_data table

The overall performance of the pipeline on the patient table is also excellent.
The parser outputs a data frame in wide format, each row representing one

patient and each column representing one field of the exam data.

Training dataset (n = 70)

Expected rows 70
Detected rows (%) 70 (100%)
Total fields 240
Wrong fields 0

Total NAs (%) 0 (0%)

Table 7. Performance of the pipeline on the exam_data tables in the training dataset.
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Test dataset (n = 30)

Expected rows 30
Detected rows (%) 30 (100%)
Total fields 90
Wrong fields 0

Total NAs (%) 0 (0%)

Table 8. Performance of the pipeline on the exam_data tables in the test dataset.

The parser represents a more focused approach to OCR data processing,
specifically targeting three critical metadata fields. Unlike the patient parser,
which handles variable numbers of fields with complex validation
requirements, the exam parser operates with a precisely defined scope

targeting scan type, analysis date and model information.

The parser uses the same coordinate-based matching principle as the
patient’s table parser. The algorithm employs a multi-stage approach to value
association that begins with same-line extraction for cases where keys and
values appear in traditional delimiter-separated formats. When this
approach fails to identify values, the spatial analysis extends to examine
nearby text elements based on vertical coordinate proximity. A five-pixel

tolerance threshold is used in this case.

This parser also employs bilingual pattern matching. The date processing
operates under the assumption that examination dates follow the European
dd.mm.yyyy convention found in most images. The conversion process
employs pandas datetime functionality to ensure proper date validation and
standardisation. The algorithm discards time information that may be

present but is irrelevant for our case.

5.2.3. Performance on the dmo_data table

The result of applying Surya OCR directly to the refined tables yields
excellent results (Table 9). The resulting data frame from the parser outputs
a data frame in long format, each row representing one region. All tables in

the training dataset contained information on 4 lumbar vertebrae and the
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total (5 rows). Only one table had information on two vertebral levels (1.1 and

L2). Thus, the expected number of rows for the resulting data frame is 348.

Training dataset (n = 70)

Expected rows 348
Detected rows (%) 348 (100%)
Total fields 2784
Wrong fields 0

Total NAs (%) 18 (0.6%)

Table 9. Summary performance of the pipeline for the 'dmo_table' containing the BMD
values.

After OCR, the parser script cleans the text from the resulting JSON file by
removing HTML tags and standardising the name of the vertebral levels.
Then, the script employs a spatial analysis approach to reconstruct tabular
structure from the fragmented text elements produced by OCR. Surya OCR
returns individual text fragments with bounding box coordinates rather than
maintaining any inherent table structure. The challenge lies in reassembling
these scattered pieces back into meaningful rows and columns that preserve

the original clinical data relationships.

The row detection algorithm operates on the principle that text elements
appearing at similar vertical positions (Y-coordinates) belong to the same
conceptual row. The script addresses vertical coordinates variations through
a tolerance-based clustering mechanism that treats any text elements within
10 pixels vertically as belonging to the same row. When a new element's Y-
coordinate falls within the tolerance range of an established row, it joins that
collection. Otherwise, a new row is created. This approach handles variable

numbers of text elements per image whilst maintaining structural integrity.

Once rows are established, the script reconstructs column ordering through
horizontal coordinate sorting. Each row's constituent text elements are
arranged according to their X-coordinates, effectively recreating the left-to-
right reading sequence that defines column structure in the original

densitometry table.
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This horizontal sorting proves particularly crucial for densitometry data,
where the sequence of measurements follows a standardised convention. The
region identifier typically appears first, followed by area measurements, then
various density calculations including BMC, BMD, T-scores, reference means,

Z-scores, and age-matched percentiles.

Besides, the script is designed to specifically target rows beginning with
vertebral identifiers such as L1 through L4, plus summary totals, filtering
out extraneous content that would compromise the final dataset. By
restricting processing to rows with vertebral identifiers, the script maintains
focus on quantitative clinical measurements. When the OCR successfully
captures all elements, the validation process proceeds through standard
assignment pathways, mapping each detected text element to its appropriate
measurement category according to positional sequence. However, OCR
processing occasionally produces incomplete row captures due to image

quality issues, text recognition failures, or formatting irregularities.

As seen in Table 9, the NAs represent uncaptured data that were present in
the original image (Figure 9). All these missing values pertained to the same

column (the ‘am’ column or last column) (Figure 10).

These missing values were traced back in the pipeline to find the point where
they were lost. We identified the OCR engine as unable to recognize these
pieces of text, probably because of image quality issues or proximity to the
edge of the image. To overcome this, some experiments were performed to
improve the recognition of the text, such as scaling the image up to twice its
original size, applying Otsu’s binarization, Gaussian and morphological

kernels and background removal techniques (Figure 11).
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Region | Area[cm?] | BMC[(2)] BMD]|g/cm’] T-score RM (Referencia maxi Z-score EC (Edad comcident

L1 1148 | 6.14 0.535 4.1 54 -3.0 62
L2 9.89 5.58 0.564 -4.2 55 -3.0 | 63
L3 10.98 6.30 0.574 -4.6 53 -3.3 61
LA 11.91 6.90 0.579 4.4 55 -3.0 64
Total 44.26 24.92 0.563 44 54 -3.1 | 62

Figure 9. The original sample 'dmo_table' after refinement.

Region Area[cm2] BMC[(g)] BMD[g/cm2] T-score RM (Referencia maxi Z-score EC (Edad coincident

L1 11.48 6.14 0.535 41 54 30 62
L2 9.89 5.58 0564 -42 55 3.0

L3 10.98 630 0.574 46 53 33

L4 11.91 6.90 0.579 44 55 3.0

Total 44.26 24.92 0.563 44 54 3.1 52

Figure 10. Native Surya-OCR image recognition with default parameters. The last column
has missing values.

Region | Area[em?] BMC[(g)] | BMD|[g/cm?] T-score RDM (Referencia maxi Z-score EC (Edad comcident

L1

10.98

L4 11.91

Total 44.26

Figure 11. Sample 'dmo_table’ after morphological kernel and background removal.
Contrast 1s somewhat enhanced to the human eye, but the OCR engine was unable to
properly recognize all the characters.

The latter combines morphological closing and Gaussian blur to create a
robust background estimation that is then subtracted from the original
image. The morphological closing operation (dilation followed by erosion)
using a large 25x25 elliptical kernel "fills in" small foreground objects (text
and numbers) while preserving large background structures, creating a
background template that captures textural patterns and gradual intensity
variations in the document. Simultaneously, Gaussian blur with a 51x51
kernel creates a smooth background approximation by averaging local

neighbourhoods, which handles irregular lighting and paper artifacts. The
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weighted combination (60% morphological + 40% Gaussian) leverages the
strengths of both approaches: the morphological component captures
structured background patterns while the Gaussian component handles
smooth gradients. When this composite background is subtracted from the
original grayscale image and normalized, the result eliminates background

interference while preserving foreground text with enhanced contrast.

The background removal method was the most effective transformation that

allowed for 100% identification of the ‘am’ column (see Figure 12).

Regi6n | Area[cm2] \vert BMC[(g)] \vert BMD[g/cm2] | T-score | RM (Referencia maxi | Z-score | EC (Edad coincident
L1 11.48 6.14 0.535 -4.1 54 3.0 62
L2 9.89 5.58 0.564 -42 55 -3.0 63
L3 10.98 6.30 0.574 -4.6 53 -33 61
L4 11.91 6.90 0579 -4.4 55 -3.0 64
Total 44.26 2492 0.563 44 54 -3.1 62

Figure 12. Surya OCR character recognition after background removal of sample

dmo table’. The 'am’'column was properly read. However, this change on the other images
made some characters unrecognizable.

This improvement came with a cost: The “L1” vertebral level was not
identified for some images and then only 139/150 rows were detected. This
was because the string L.1 was read by the OCR engine as ‘LI’, ‘L2 or even as
‘m’ in some images. The parser script could be tailored to accommodate these
variations, but because other critical values were also misread, and because
it was impossible to predict all the variations that OCR may produce for the
“L1” vertebral level, we deemed this transformation as less accurate than the
original one abandoned this branch of development. This decision was made
according to the objective of the project, considering that the ‘am’ variable was

not a principal target of the pipeline.

Results of the pipeline on the test dataset are shown in Table 10. Again, the

missing values come from the ‘am’ variable in the DMO table.
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Test dataset (n = 30)

Expected rows 150
Detected rows (%) 150 (100%)
Total fields 1200
Wrong fields 0

Total NAs 7 (0.58%)

Table 10. Performance metrics for ‘dmo_table'in the test dataset.

5.2.4. Resulting unified data frame

After conversion of each table to their respective data frames, the last step of
the MultiParser was executing a left join of the three tables, so that each row
in the final data frame represents a region (L1-L4 and total) from the
‘dmo_table’. The common ID for the join is a ‘patient_number’ variable that
the parsers create for each individual data frame and is taken from the name
of the input image. The first 20 entries of the resulting unified table are

shown in the Appendix (Table S2).
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6.Discussion

The primary advantages of the selected architecture for the pipeline are its
exceptional processing speed on standard CPU hardware, minimal
computational resource requirements, and significantly lower total cost of
ownership (TCO). By leveraging the known consistency of the document
layout, the pipeline avoids the substantial computational overhead inherent
in DL-based layout analysis models. This targeted approach eliminates entire
stages of complex processing, resulting in a system that is not only orders of
magnitude faster but also more reliable, easier to implement, and more

transparent to debug and maintain.

The foundational premise of this analysis rests on the uniform nature of the
source documents. These reports, generated by specialised medical
equipment, are highly standardised. They are not free-form text but are
produced from a fixed template. Consequently, key information appears in
consistent and predictable locations across all reports originating from the

same system.

This structural invariance is the single most important constraint influencing
the design of an optimal data extraction pipeline. It fundamentally changes
the nature of the problem. Instead of a general "document understanding"
task, where the system must learn to identify elements in novel and varied
layouts, the problem is reduced to a more constrained and deterministic "data
location" task. The challenge is not to find the tables, but to efficiently extract
the data from their known positions. This distinction is paramount, as
solutions designed to handle layout diversity inherently carry a
computational cost that may be unnecessary in a fixed-layout environment
(33). Table 11 synthesises the main features of the most popular solutions
available for document layout recognition and table extraction. It highlights
the trade-offs between generality and efficiency, positioning the proposed
pipeline as the most specialised and resource-efficient solution for the defined

task.
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The most significant efficiency gain in our pipeline comes from using fixed
coordinates to perform an initial crop of the ROIs. This is the simplest form
of localisation. It involves using pre-determined pixel coordinates to slice the
main image array and extract a smaller sub-image that contains the table. In
OpenCV, this i1s a basic NumPy array. This method is only viable when the
target object appears in the exact same location (or within a slight variation)
in every image, which is the case for DXA standardised reports. This makes

it superior to dynamic detection algorithms.

Beyond layout and pattern recognition, the choice of the OCR engine is
critical to the overall accuracy of the pipeline. Surya-OCR was selected
because it represents the pinnacle of open-source OCR technology, balancing

high accuracy with the essential feature of providing detailed positional data.

A key requirement for this pipeline is that the OCR engine must return not
just the recognised text, but also the precise bounding box coordinates for
each text element (word or line). Surya excels at this, providing detailed (x1,
y1l, x2, y2) coordinates for each detected line of text. This positional
information is the raw material for the final structure reconstruction stage.
Without it, the extracted text would be just an unordered collection of words,

devoid of its tabular meaning.

The final step is to algorithmically reconstruct the table's grid structure from
this data. This 1s a well-understood problem in document analysis and does

not require a DL model.

The fundamental principle is to group text elements based on their spatial
proximity and alignment. A common and effective method involves analysing

the x and y coordinates of the bounding boxes.

By combining row grouping (based on y-coordinates) and column clustering
(based on x-coordinates), a logical grid can be constructed. Each piece of text
can then be assigned to a specific (row, column) cell, transforming the
unstructured OCR output into a fully structured table. This final step is

purely algorithmic, deterministic, and computationally fast, completing the
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efficient data extraction process. Other approaches also include intersecting

the detected row and column bounding boxes to define the final cell structure.

Overall, the architecture of our pipeline is not purely heuristic nor purely DL;
it 1s a pragmatic hybrid that intelligently allocates computational resources
only where they are most needed. It uses simple, deterministic methods for
the "solved" part of the problem—Ilocating the tables—and a state-of-the-art
DL model integrated in Surya for the "hard" part—recognising the text.

The conclusion is stark: the proposed architecture bypasses a detection step
that costs hundreds of milliseconds (on GPU) or potentially many seconds (on
CPU), replacing it with a near-instantaneous heuristic. For any application
requiring low latency or high throughput on standard CPU-based
infrastructure, this difference is decisive. The general-purpose DL models
expend a vast amount of computational effort to solve a problem (where are

the tables?) that is already solved by the very nature of the input data.

The most common criticism of heuristic or rule-based systems is their
"brittleness"—their inability to adapt to changes in input format. A DL model
can gracefully handle a new invoice layout; our rule-based parser will fail if
the documenta layout is changed or if a field moves. This must be taken into
consideration, since the pipeline was designed to identify the tables in a closed
time span (2020-2025) and for a specific machine vendor. If DXA scans were
to be analysed previous or posterior to these years, or even if the vendor
updates the format of the layout, our model would be completely “blind” to
these tables and would have to be rewritten to adapt to these changes.
Because this pipeline was framed within a larger project that aims to study
the DXA reports in this period and given that the HOLOGIC system was

constat during those years, our approach is still valid for the final goal.
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Developed img2table PaddleOCR (PP-
Feature Surya
Pipeline (hybrid) Structure)
Fixed Hough SLANET / EfficientVit-
coordinates transform  SLANEXT (DL based model
Localisation & colour & contour  cnn/transformer) (DL
method segmentation analysis transformer)
(heuristic) (classical
cv)
Extreme Fast High accuracy State-of-the-
speed and processing on complex and  art accuracy
efficiency for  of bordered varied table on diverse
Primary
fixed layouts tables with structures document
strength
some layouts
layout
variance
Invariable, Structured Unstructured General-
template- documents documents with  purpose
based with clear  inconsistent document
Ideal use case .
documents borders table layouts understanding
(e.g., medical (e.g., at scale
forms) invoices)
Localisation | <10 ms ~50-100 ~40-500 ms ~157,000 ms
time (CPU) ms (157 s)
Localisation | not not ~20-85 ms ~130-270 ms
time (GPU) applicable applicable
Requires GPU | No No Recommended Yes, essential
for speed?
Negligible N/A ~7-351 mb >1 GB (part of
Model size
L. (few lines of  (algorithm- a larger
(localisation) '
code) based) toolkit)
| High ("white Medium Low ("black Low ("black
Interpretability
box") box") box")

Table 11. Frameworks for document layout and table recognition.
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7.Conclusions and future work

In summary, the presented pipeline fulfils the primary objective of converting
one or more DXA image reports into a data frame with relevant patient, exam
and bone specific measurements. The generated data structure can be readily
used for research and/or merged with other existing datasets. Besides, in a
clinical environment, this pipeline enables physicians to automatically

transfer the information of DXA report into EHRs.

This pipeline can be further improved by increasing the variability of the
training images, both temporarily and qualitatively. By increasing the time
span, the algorithm could accommodate changes in the fixed coordinates of
the tables before 2020 and after 2025. This strong dependency on the fixed
layout of the report can be seen as a liability. If newer versions of the report
are realised by the vendor, these must also be accounted for in the training of
the pipeline, or else it will fail to execute. Also, by increasing the number of
images from different vendors, the pipeline will be more capable to generalize

and expand to other machines used in other healthcare institutions.

Regarding the pipeline’s excellent performance, future work must focus on
the optimization of the image for OCR recognition. Although some values
were deemed as secondary (like the ‘am’ column), the algorithm must seek to
apply effective transformations to the raw images that can grant their

retrieval in case this information become valuable in future research.

One next step after the deployment of the presented pipeline consists in its
incorporation into the main branch of the project. The resulting data frame
from our pipeline is expected to be merged with radiomic features extracted
from plain X-ray images of the lumbar spine along with other clinical features
coming from EHR that will enable our team to develop an Al-driven model

that aims to predict osteoporosis and fracture risk in our population

More pragmatically, future work will focus on developing an API that enables
healthcare providers to automatically convert DXA images into plain text

that can be further incorporated into EHR systems. Currently, physicians
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need to manually input the information contained in the images, a task that
1s time consuming and prone to human error. Developing a user-friendly
interface that enables users to drag-and-drop one or more image files to

produce editable text may reduce consultation times and transcription errors.

Finally, Al offers a powerful solution to the early and widespread screening
for osteoporosis by leveraging the vast number of routine medical images that
are already being performed for countless other clinical indications. DL
models have demonstrated a remarkable ability to detect subtle changes in
bone texture and density that are often invisible to the human eye. By
unlocking the hidden diagnostic potential within the millions of medical
images generated daily, artificial intelligence provides the key to overcoming
the long-standing barriers to effective osteoporosis management. This
technological leap promises to shift the paradigm from reactive fracture
treatment to proactive, population-scale prevention, ultimately safeguarding

the health, mobility, and quality of life for aging populations worldwide.
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9.Appendix

Table S1. OCR performance for PyTesseract and EasyOCR on a sample

‘dmo_table’.

a Area CMO DMO
[em] fl [g/cm]
Li 1442| 11.55
L2 14.01 13.11

L4 15.61 15.85

Total 57.39 53.

+. RM (Referencia L AM (Edad

score maxima) score coincidente)

0801-17 si] 0.1 101
0936-08 91 12 116

13 13.35) 12.68 0980, -12 8809 112

1015-04 96 «18 124

19 0.927 -11 89 10 113

EASYOCR

Area

CMO

DMO

RM (Referencia
AM (Edad
Region
[cm"]
[(9)]
[gtcm"]
score
maxima)
score
coincidente)
Ll

14.42
1155
0.801
-1.7

101

L2

14.01
13.11
0.936
116
13.35
12.68
0.950

Region Arela cMO DMO T RM (Referencia z AM (Edad
[em’] (@) [g/cm’] score maxima) score coincidente)

L1 1442 11.55 0.801 -1.7 81 0.1 101

L2 14.01 13.11 0.936 -0.8 91 12 116

L3 13.35 12.68 0.950 12 88 0.9 112

L4 15.61 15.85 1.015 -04 96 1.8 124

Total 57.39 53.19 0.927 -1.1 89 1.0 113

PYTESSERACT
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