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Coronavirus disease 2019 (COVID-19) is a respiratory infection for which chest
X-ray (CXR) imaging can provide an accessible screening modality. This study
investigates an interpretable computer-aided screening pipeline for
distinguishing COVID-19-positive from normal CXR images. Methods: The
pipeline combines Otsu-based lung segmentation, morphological refinement,
seven Hu invariant shape moments, training-fold z-score normalization, and a
class-weighted Decision Tree. A cohort of 2,600 CXR images (1,000 COVID-19-
positive and 1,600 normal) was evaluated using stratified five-fold cross-
validation. The retained experimental record reports 98.6% accuracy, 97.8%
precision, 98.6% recall (sensitivity), and 98.2% F1-score. The pooled confusion
matrix shows TP=986, FN=14, FP=22, and TN=1578, corresponding to 98.6%
accuracy and 97.8% precision. ROC/AUC analysis yielded AUC = 0.987 + 0.004
under the image-level evaluation protocol. Conclusion: The findings indicate
that a low-dimensional, shape-based descriptor combined with an
interpretable Decision Tree can discriminate COVID-19-positive from normal
CXR images under the present internal image-level protocol. Because the cohort
was not partitioned at the patient or source level and no independent external
cohort was retained in the study record, the results are considered preliminary

proof-of-concept evidence rather than

performance.

clinically validated diagnostic

1. Introduction

The emergence of the novel coronavirus (COVID-19) in
late 2019 represented one of the largest global health
emergencies of recent times, affecting healthcare, economics,
education, and community life. The disease was first
identified in Wuhan, China, and spread worldwide before
treatment therapies and vaccines were available [1,2].
Governments adopted extreme measures, travel restrictions
and lockdowns, because few treatment options existed during
the early phase of the outbreak [3,4]. Clinical presentation
commonly included fever, cough, and shortness of breath,
alongside mild or unspecified presentations that complicated
diagnosis, as reported by Huang et al. in an early clinical series
[5,6]; some patients were asymptomatic. Because
transmission occurs mainly through human contact, prompt
and accurate detection can help limit spread and support
clinical management [7]. Chest X-ray is a valuable
supplementary tool for identifying suspected COVID-19 cases
because it is inexpensive and widely available, although
expert interpretation is slow and expertise-dependent,
particularly under high clinical demand [8,9]. Artificial
intelligence and machine learning methods have shown
promise for computer-aided COVID-19 diagnosis from chest
X-ray images. Kumar et al. [8] specifically catalog substantial
gains from machine learning and deep learning across
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imaging modalities for lung disease diagnosis, while Akhter et
al. [9] focus on persistent challenges of dataset quality, model
generalization, and clinical translation specifically for chest X-
ray-based Al radiodiagnosis. Decision Tree algorithms, a
classical family of machine learning methods, remain
attractive for their interpretability, computational lightness
due to their model structure, and ease of implementation,
which suit transparent clinical decision-support tools [10].
Hu invariant moments have likewise been used as robust
shape descriptors, invariant to translation, rotation, and
scaling, providing a compact mathematical description of
object shape [11]. Building on these ideas, this paper presents
an interpretable CAD system that combines lung
segmentation, Hu invariant moment extraction, feature
normalization, and a Decision Tree classifier for COVID-19
screening from chest X-ray images, aiming to provide a rapid,
computationally efficient, and clinically interpretable option
to support screening workflows. The objectives of this study
can be summarized as:

e To develop a lightweight, fully interpretable pipeline for
COVID-19 screening from chest X-ray images that avoids
the computational cost and opacity of deep neural
networks.
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e To combine Otsu-based lung segmentation with seven Hu
invariant shape moments as a compact, transformation-
invariant feature representation of lung geometry.

e To evaluate a class-weighted Decision Tree classifier on
this feature representation under stratified 5-fold cross-
validation, and to benchmark it against seven classical
machine-learning classifiers under identical validation
conditions.

¢ To transparently report the limitations of image-level (non-
patient-disjoint) evaluation and of a shape-only feature set,
and to specify the additional validation (patient-disjoint
splits, texture baselines, segmentation ground-truth)
required before any clinical-deployment claim.

The key contributions of this paper are:

o A lightweight, fully interpretable framework for COVID-19
screening from chest X-ray images, combining classical
image processing with a transparent classifier.

e Feature extraction through lung segmentation and Hu
invariant moments as compact, transformation-invariant
shape descriptors.

o Application of an interpretable Decision Tree classifier
with class-weighted learning, evaluated using stratified 5-
fold cross-validation.

e A compact and interpretable pipeline based on classical
image processing and a Decision Tree; computational
efficiency is discussed qualitatively because measured
runtime and memory logs were not retained in the supplied
experimental record.

2. Related work

Recent advances in deep learning have improved COVID-
19 detection systems using medical imaging. Krishnan and
Kirthik [12] proposed a Vision Transformer (ViT)-based
method for COVID-19 detection from chest X-ray images,
using self-attention to capture global contextual information
and reporting an accuracy of 97.61%, precision of 95.34%,
recall of 93.84%, and F1-score of 94.58%. Hadhoud et al. [13]
proposed a two-step hybrid CNN-ViT architecture (ResNet-
50 + ViT-B/16) for chest-disease classification from X-ray
images, reporting a binary classification accuracy of 98.97%
for tuberculosis detection and 96.18% for a three-class
problem  (tuberculosis, viral pneumonia, bacterial
pneumonia). Although this study targets tuberculosis and
pneumonia rather than COVID-19, it is retained here as a
methodologically relevant example of a hybrid CNN-ViT chest
X-ray classifier and is flagged as non-COVID-specific
wherever cited.

Takahashi et al. [14] systematically compared Vision
Transformers and CNNs for medical image analysis,
concluding that transformer-based models tend to achieve
higher performance when large training sets are available,
owing to their ability to capture long-range spatial
dependencies. Feki et al. [15] investigated a self-supervised
approach for COVID-19 detection from chest X-rays,
achieving competitive performance with far fewer labeled
examples and underscoring the value of representation
learning in data-scarce medical imaging tasks. Hussein et al.
[16] developed lightweight CNN models for COVID-19
screening designed for resource-constrained deployment,
reporting 98.55% accuracy for binary (COVID-19 vs. normal)
classification, 97.0% sensitivity, 96.5% specificity, and a
97.0% F1-score. Together with the transformer-based studies
above, this illustrates a trade-off: transformer and hybrid
models can reach very high accuracy but typically require
large annotated datasets and substantial compute, whereas
lightweight CNNs and classical handcrafted-feature pipelines,

November 2026] Volume 05 | Issue 04 | Pages 211-222

including the Decision Tree approach proposed here, trade
some representational capacity for interpretability, speed,
and low resource requirements. Beyond these examples,
prior work has applied Support Vector Machines, Random
Forests, K-Nearest Neighbors, and Logistic Regression to
handcrafted features, as well as CNNs, EfficientNet, DenseNet,
and Vision Transformers as end-to-end learners. Deep
architecture generally performs well but require large
annotated datasets and significant computation, limiting their
suitability for resource-constrained clinical settings.
Lightweight, interpretable pipelines therefore remain a
relevant complementary direction. The present work
contributes to this direction by combining lung segmentation,
Hu invariant moment descriptors, and a Decision Tree
classifier into a compact, interpretable pipeline for chest X-
ray-based COVID-19 screening.

3. Materials and dataset
3.1 Geometric Moment Invariants (GMI)

The geometric, central, normalized central, and Hu
invariant moments are defined below using the standard
discrete formulation for a finite-resolution image [11].
Geometric (raw) moments: For a two-dimensional discrete
image f(x,y) of size M x N pixels, the geometric (raw) moment
of order (p+q) is defined by:

Mpgq = Zx=0M1 Zy=0N-1 xP ya f(x, y) ®

where p and q are non-negative integer orders, f(x,y) is the
pixel intensity (or binary mask value), and m_pq is the
corresponding raw moment. In particular, m_00 is the total
image mass; for a binary lung mask, it equals the segmented
lung area.

Central moments (translation invariance): Because raw
moments depend on the object location, central moments are
computed about the centroid:

Mpa = ZuZy (X —X)P (y — )9 f(x y) )

where the centroid coordinates are: X = mio / moo , and
¥ = mo1 / moo.

where m00, m10, and mO1 are the raw moments from
Equation (1).

Normalized central moments (scale invariance): To
obtain scale invariance, central moments are normalized as
follows:

TNpa = Hpq / HooY ©)
y=(p+q/2+1, forp+q=273,4,..

For the Hu descriptors used here, p+q = 2. The normalized
central moments are invariant to translation and scale, while
Hu’s seven combinations provide rotation invariance [11].
The seven Hu invariants are computed from 120, n02, n11,
130,112,121, and n03 as follows.

Hu invariant moments: Hu (1962) defined seven algebraic
combinations of normalized central moments [11]:
@1=m20+n02

®2=M20-1n02)"2 +4n11"2

@3 =(M30-31n12)"2 + (3121 -n03)"2

©4=M30+n12)"2 + (n21 +n03)"2

®5 = M30 - 3n12)(n30 + n12)[(n30 + n12)*2 - 3(n21 +
1n03)72] + (3121 -1n03)(m21 +n03)[3(n30 +n12)"2 - (n21 +
103)~2]
©6=M20-1n02)[(M30+n12)*2-M21+1n03)"2]+4n11(m30
+M12)(n21 +n03)
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®7 = (3121 - n03)(n30 + n12)[(n30 + n12)*2 - 3(n21 +
1n03)72] - (M30 - 3n12)(n21 +n03)[3(n30 +n12)"2 - (n21 +
n03)*2]

The seven Hu invariants were computed from the segmented
binary lung mask. For numerical stability, the OpenCV
logarithmic representation was used: h i = -sign(i)
logio(|i]), fori=1,...,7, with hi = 0 when @i = 0.

Hu moments computed on the segmented lung region provide
a compact shape representation that is invariant to
translation, rotation, and scale, which is useful when patients
are imaged in different positions, orientations, and sizes [17-
22].

3.2 Decision tree

Decision trees are among the most widely used
interpretable machine learning models because they
represent the decision process as a hierarchical set of
conditional rules: each internal node tests a single feature,
each branch represents the outcome of that test, and each leaf
node represents a predicted class. Starting from the root,
which contains the full training set, a splitting criterion
(commonly information gain or the Gini impurity index)
selects, at each node, the feature and threshold that best
separate the classes; the process recurses until a stopping
condition is met (e.g, a minimum node size, a maximum
depth, or sufficient node purity) [10]. Decision trees make no
distributional assumptions about the input features and can
mix numerical and categorical inputs, and their learned rules
can be inspected directly, a property that is particularly
valuable in clinical decision support, where interpretability is
often as important as raw accuracy. Unconstrained decision
trees are prone to overfitting as depth increases; pruning,
depth limits, and minimum-sample constraints are standard
mitigations. Because of their simplicity and computational
efficiency, decision trees remain popular both as standalone
classifiers and as base learners within ensembles such as
Random Forests and gradient-boosted trees [19].

3.3 Dataset

The study includes 2,600 chest X-ray (CXR) images:
1,000 COVID-19-positive images and 1,600 normal images.
All images were obtained from publicly available COVID-19
chest X-ray datasets, specifically the COVID-19 Radiography
Database and the COVID-19 image data collection. The
corresponding dataset sources and bibliographic references
are provided in References [23] and [24]. The COVID-19
Radiography Database was used as one of the principal public
sources of COVID-19 and normal chest X-ray images, as
described by Kiranyaz et al. [23]. Additional chest X-ray
images were obtained from the COVID-19 image data
collection described by Cohen, Morrison, and Dao [24]. The
datasets were accessed through their respective public
repositories for research purposes.

Because reliable patient identifiers were not available for
every image in the retained dataset records, the exact number
of unique patients could not be established retrospectively
and is therefore not reported. Accordingly, the present study
was evaluated using image-level rather than patient-level
partitioning. The cohort combines images originating from
different publicly available repositories and may therefore
contain differences in acquisition equipment, imaging
protocols, image processing, compression, positioning, and
other source-specific characteristics. These factors may
introduce source-related confounding, whereby the classifier
could partially learn repository- or acquisition-related
characteristics rather than disease-related patterns.
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Therefore, the reported performance should be interpreted
as internal image-level discrimination under the current
evaluation protocol rather than as evidence of patient-level or
externally validated clinical diagnostic performance. To
reduce the risk of direct duplication, duplicate removal was
performed before dataset partitioning. However, the retained
experimental record does not contain a verifiable image-
similarity threshold, a complete duplicate-removal log, or the
exact number of duplicates removed. These quantities are
therefore notretrospectively estimated or fabricated. Patient-
disjoint and source-disjoint validation using independently
curated data is recommended for future evaluation. The
composition of the study cohort across the two public data
sources is shown in Figure 1.

Distribution of Chest X-ray Images Across Data Sources

1600 1 ™= COVID-19-positive
Normal
1400

1200

1000

®
3
3

Mumber of CXR images

@
=]
5]

COVID-19 Radiography COVID-19 image data Total

collection
Data source

Figure 1. Distribution of chest X-ray images across data sources

Data provenance and duplicate control: The study cohort
consisted of 2,600 chest X-ray images obtained exclusively
from two publicly available sources: the COVID-19
Radiography Database and the COVID-19 image data
collection. The corresponding public datasets and
bibliographic sources are identified in Table 1 and References
[23] and [24]. No institution-controlled clinical CXR dataset
was used in the present study.

Table 1. Distribution of chest X-ray images across data sources

COVID-19-
Source positive | Normal
COVID-19 700 800
Radiography
Database

Provenance/access

Rahman et al. [23];
Kaggle COVID-19
Radiography
Database, accessed
27 Aug 2026;
dataset version
recorded as Version
3 when
corresponding to
the study
download.
Cohen, Morrison, and
Dao [24];
arXiv:2003.11597
and associated
repository, accessed
27 Aug 2026.
Publicly available
CXR datasets

COVID-19 300 800
image data
collection

Total 1000 1600
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4. Proposed methodology
4.1 Framework overview

The pipeline classifies chest X-ray images into two
categories (COVID-19 vs. Normal) through six stages: input
acquisition, pre-processing, lung segmentation, feature
extraction (Hu invariant moments), feature normalization,
and Decision Tree classification, as illustrated in Figure 2.
Input stage: all CXR images are two-dimensional grayscale
images with pixel intensities in [0, 255], centered on the
thorax in an anatomically standard position.

4.2 Lung segmentation

Lung structures were separated from the background
and surrounding anatomy using Otsu's thresholding method,
which adaptively selects an intensity threshold for each image
by minimizing intra-class intensity variance. This approach
was selected as a classical, annotation-independent
preprocessing baseline to accommodate variations in image
contrast and exposure. Morphological erosion followed by
dilation was then applied using a 3 x 3 structuring element
with one iteration for each operation to smooth lung
boundaries, remove small noisy regions, and improve region
connectivity. Because lung, cardiac, mediastinal, and bone
intensities may overlap on chest radiographs, threshold-
based segmentation can be unreliable in challenging cases,
including low-contrast images, portable anteroposterior (AP)
acquisitions, pleural effusion, rotated examinations, and
images with substantial projection artifacts. Reference lung
masks were not retained with the study record; therefore,
quantitative segmentation performance could not be
established. Accordingly, the Otsu-based segmentation is
treated as an annotation-independent preprocessing baseline
rather than a clinically validated segmentation method. No
Dice or IoU values are reported for the segmentation stage.
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Future work will evaluate the segmentation against
independently verified reference masks using Dice and IoU
and will include representative failure cases involving low
contrast, pleural effusion, rotated examinations, and portable
AP acquisitions. Where appropriate, comparison with a
lightweight learned lung-segmentation model will also be
considered.

e Quantitative validation: evaluate the Otsu-based
segmentation against a subset of images with manually
annotated or publicly available lung masks (e.g., the mask
subset distributed with the COVID-19 Radiography
Database), reporting Dice coefficient and IoU rather than
visual impression alone.

e Failure-case analysis: report and illustrate cases where
thresholding is expected to fail, pleural effusion, low-
contrast or portable AP films, rotated or partially cropped
fields, so readers can judge where the pipeline's shape
features may be unreliable.

e Justification vs. a learned segmenter: explicitly compare
Otsu thresholding to a lightweight lung U-Net (or similar)
on the same subset, and justify the choice of a classical
threshold on the basis of that comparison (e.g,
computational cost vs. accuracy trade-off) rather than
convenience alone.

Segmentation restricts subsequent feature extraction to

clinically relevant lung regions, reducing the influence of

extrapulmonary structures.

4.3 Pre-processing

All images were resized to 224x224 pixels and pixel
intensities normalized to [0, 1] via min-max scaling prior to
segmentation. Morphological refinement used a 3x3
structuring element with one erosion iteration followed by
one dilation iteration.

Overall Architecture of Proposed Framework ]
e D 4 : N . e
Input [ Pre-processing Lung Segmentation Feature Extraction
Acquisition Resize + normalization Otsu + morphology Seven Hu moments
f U i e — Zl
2
—> - hy [l l]
hy 0
. J . =
v D 4 = R @ )
Feature Normalization Decision Tree Output
’Il'aining-fold Z-score Gini, depth =10, COVID-19-positive /
class-weighted Normal
—p —>
X — Iu L COVID-19-positive J
= e
(o2 [ Normal ]
. J . J . J

Figure 2. Overall Architecture of the proposed framework for COVID-19 detection from Chest X-ray images

214



ZM. Aydam et al. /Future Technology

To avoid information leakage, all preprocessing

parameters, including normalization statistics and feature-
scaling parameters, were estimated within each training fold
only and then applied, unchanged, to the corresponding held-
out test fold.
Segmentation validation and failure-case analysis:
Because reference lung segmentation masks were not
retained with the dataset, a direct quantitative assessment of
the segmentation stage against manually annotated ground-
truth masks could not be performed. Visual inspection can
provide qualitative evidence of segmentation behavior, but it
does not establish quantitative segmentation accuracy. The
manuscript therefore reports no Dice or loU values for the
segmentation stage and identifies independent mask-based
validation as a requirement for future work. Overall, the
segmentation procedure should therefore be regarded as a
training-free, annotation-independent preprocessing
baseline rather than a clinically validated or demonstrably
superior lung-segmentation method. The primary purpose of
the segmentation stage is to reduce irrelevant background
regions and emphasize the lung fields before feature
extraction and classification. The absence of retained
reference masks is a limitation, and definitive quantitative
conclusions about segmentation accuracy would require
evaluation against independently annotated lung masks.

4.4 Hu moment feature extraction

Seven Hu invariant moments (Section 3.1.4) were
computed from the segmented lung mask of each image,
yielding a compact 7-dimensional shape descriptor per image
that is invariant to translation, rotation, and scale. These
descriptors summarize the global geometric shape of the
segmented lung region and are not designed to capture
localized texture patterns such as ground-glass opacities or
consolidation. Hu moments should therefore be understood
as a complementary, low-dimensional descriptor rather than
a substitute for texture-based analysis such as Gray-Level Co-
occurrence Matrix (GLCM), Local Binary Patterns (LBP), or
Histogram of Oriented Gradients (HOG). The framework tests
the amount of discriminative information available from a
shape-based representation alone; it does not claim that
shape is the primary determinant of COVID-19 radiographic
appearance.

4.5 Feature normalization

Each 7-dimensional Hu-moment feature vector was z-
score normalized so that each feature has zero mean and unit
variance within the training fold:

x'=x-w/o (4)

where p and o are the mean and standard deviation of each
feature, estimated on the training fold only and applied
unchanged to the corresponding test fold, so that no test-set
information leaks into the normalization statistics.

4.6 Decision tree classification

A Decision Tree classifier using the Gini impurity
criterion selects splits, with maximum depth and minimum
split size constrained to control tree size and reduce
overfitting; the specific values used are reported in Section
5.2. A class-weighted learning strategy increases the penalty
for misclassifying the minority class (COVID-19), improving
sensitivity to that class rather than allowing the majority class
(normal) to dominate training. Stratified 5-fold cross-
validation (k = 5) was used so that every sample is used once
for testing and four times for training, preserving class
proportions in each fold.
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Output stage: the final output is a binary decision, COVID-19-
positive or normal, for each input chest X-ray image.
Representative examples of the resulting lung masks are
provided in Figure 3 to illustrate the qualitative behavior of
the segmentation stage.

Overlay
(Segmentation on Original)

i
LA
- JALAL
AN

Original Chest X-ray  Lung Segmentation Mask Zoomed-in View (Lung Region)

Figure 3. Representative examples of lung segmentation results

5. Experimental setup
5.1 Environment

All classifiers were evaluated using the same stratified 5-
fold cross-validation protocol to ensure a consistent basis for
comparison. The proposed Decision Tree classifier was
configured with criterion="gini’, max_depth=10,
min_samples_split=2, min_samples_leaf=1, class_weight=
'balanced’, and random_state=42. Table 2 summarizes the
primary Decision Tree configuration and the max_depth
values considered in the sensitivity analysis. The comparative
classifiers were configured according to the settings retained
from the original experimental record and included SVM with
an RBF Kkernel, Random Forest, KNN (k=5), Logistic
Regression, Gaussian Naive Bayes, XGBoost, and MLP.

Table 2. Decision tree configuration

Parameter Value Evidence/status
max_depth 3 sensitivity analysis
max_depth 5 sensitivity analysis
max_depth 7 sensitivity analysis

max_depth 10 Primary setting;
sensitivity optimum
max_depth 15 sensitivity analysis
max_depth 20 sensitivity analysis

min_samples_split 2 Primary setting;

comparison

No exhaustive hyperparameter optimization of the
comparative classifiers was documented in the retained
experimental record. Accordingly, their results are
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interpreted as descriptive baseline comparisons rather than
as evidence of universal superiority among the evaluated
classification algorithms. Figure 4 illustrates the complete
methodological sequence, from input CXR acquisition
through preprocessing, segmentation, Hu-moment
extraction, normalization, and Decision Tree classification.

[ Proposed Methodology ]
1. Input CXR Images
Public chest X-ray images

PPy

f
o 2. Pre-processing
Resize to 224x224; min-max scaling to [0,1]

\ o 3. Lung Segmentation
Otsu thresholding; 3%3 erosion then dilation
h, 'h, h, h, h |n, n, 4 HuFeature Extraction
A Seven Hu invariant moments from the lung mask
X— U 5. Feature Normalization
Z= o Training-fold mean and SD; z-score normalization
6. Decision Tree Classification
Gini criterion; max_depth=10; class_weight=balanced
v
FCOVID-B-positive J 7. Output
‘ Normil COVID-19-positive or Normal

Figure 4. Proposed methodology to detect COVID-19 from chest X-
ray images

Sensitivity analysis: The proposed DecisionTreeClassifier
used  criterion="gini’,  splitter="best’, = max_depth=10,
min_samples_split=2, min_samples_leaf =1,
class_weight="balanced’, and random_state=42. No additional
pruning was applied. These values are reported as the
configuration retained in the experimental record and are not
presented as the result of exhaustive global hyperparameter
optimization. Stratified 5-fold cross-validation preserved
class proportions in each fold; four folds were used for
training and one for testing in each iteration, so every image
was used once for testing and four times for training. Because
sensitivity (recall) for the COVID-19-positive class is most
directly tied to the clinical cost of a missed diagnosis, it
received particular attention throughout evaluation.

5.2 Hyperparameters

All classifiers were evaluated under the same stratified
5-fold cross-validation protocol with a fixed random seed
(random_state = 42) for reproducibility. The proposed
Decision Tree used the Gini impurity criterion, a maximum
depth of 10, a minimum of 2 samples required to split an
internal node, and class_weight = 'balanced’; no additional
pruning beyond the depth constraint was applied. For the
comparative classifiers: Support Vector Machine used an RBF
kernel with default regularization; Random Forest used 100
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trees with the Gini criterion; K-Nearest Neighbors used k =5
with Euclidean distance; Logistic Regression used the LBFGS
solver with a maximum of 1000 iterations; Gaussian Naive
Bayes (corrected from "Nave Bayes"/"Gaussian Nave Bayes"
in the original manuscript) used default parameters; XGBoost
used 100 estimators, a learning rate of 0.1, and a maximum
depth of 3; and the Multilayer Perceptron used one hidden
layer of 100 neurons, ReLU activation, the Adam optimizer,
and up to 1000 iterations. No hyperparameter search (grid
search or otherwise) was performed for any comparative
classifier, so Table 7 should be read as a consistent baseline
evaluation under identical validation conditions rather than a
comparison of individually tuned models.

5.3 Cross-validation technique

Stratified 5-fold cross-validation preserved class
proportions in each fold; four folds were used for training and
one for testing in each iteration, so every image was used once
for testing and four times for training. Because sensitivity
(recall) for the COVID-19-positive class is most directly tied
to the clinical cost of a missed diagnosis, it received particular
attention throughout evaluation.

5.4 Evaluation metrics

Accuracy, precision, recall, and F1-score were computed
from the confusion matrix (TP, TN, FP, FN), with the COVID-
19-positive class treated as the positive class throughout [21]:

TP+TN
Accuracy = —— % 100 (5)
TP+TN+FP+FN
TP
Recall = (6)
TP+FN
P TP
Precision = ——— (7N
TP+FP
RecallxPrecision
Fl1Score = 2 ¥ ——— (8)
Recall+Precision

e True Positives (TP): COVID-19 images correctly classified
as COVID-19.

e True Negatives (TN): Normal images correctly classified as
Normal.

o False Positives (FP): Normal images incorrectly classified
as COVID-19.

e False Negatives (FN): COVID-19 images incorrectly
classified as Normal.

The confusion matrix (Figure 5) gives a more complete
picture than accuracy alone, particularly regarding the
clinical cost of false negatives (missed COVID-19 cases)
versus false positives (unnecessary follow-up).

6. Results
6.1 Cross-validation results

Stratified five-fold cross-validation was used, preserving
the class ratio in each fold. The reported results represent
internal image-level discrimination under this evaluation
protocol. Because reliable patient identifiers were
unavailable for part of the cohort, patient-disjoint
partitioning could not be retrospectively implemented.
Consequently, images from the same patient may have been
distributed across training and test folds, creating a potential
risk of identity-related information leakage and inflated
performance estimates.
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Predicted Class
COVID-19 (+) Normal (-)
o=
9—’, True Positives (TP): | False Negatives (FN):
P Q | Incorrectly identified | Missed COVID-19
= 3 as infected. cases (Risk).
S O g. ...) (e.g., ...)
3
g =
T | False Positives (FP): | True Negatives (TN):
§ Incorrectly identified | Correctly identified
= as infected. as uninfected.
(e.g., ...) (6.9 -3)
COVID-19 (+) Normal (-)

Predicted Class

Figure 5. Confusion matrix diagram for COVID-19 classification

The cohort consists of images collected from multiple
publicly available repositories, which may have different
scanners, acquisition protocols, preprocessing procedures,
and image characteristics. Therefore, source-related
confounding may contribute to the observed discrimination
independently of disease status. For these reasons, the
reported performance should not be interpreted as an
estimate of patient-level or real-world clinical diagnostic
performance.Class-weighted learning was used to address
the class imbalance between COVID-19-positive (1,000
images) and normal (1,600 images). COVID-19-positive was
defined as the positive class throughout the analysis. The
retained pooled confusion matrix was TP =986, FN = 14, FP =
22, and TN = 1578, corresponding to an accuracy of 98.6%,
precision of 97.8%, recall (sensitivity) of 98.6%, and F1-score
of 98.2%. These values were used consistently to report the
principal pooled classification metrics.

The available evaluation record also indicates an average
training accuracy of approximately 99.8% and a testing
accuracy of approximately 98.6%. However, because the
evaluation was performed at the image level rather than the
patient level, the difference between training and testing
performance cannot by itself establish the absence of data
leakage or overfitting. The reported results should therefore
be regarded as preliminary internal evidence rather than
clinically validated diagnostic performance. Patient-disjoint
and source-disjoint validation using an independently
curated, patient-level cohort is required to assess
generalizability and to determine whether the observed
performance is maintained when potential patient- and
source-specific confounding is controlled. No additional fold-
level numerical claims are made beyond the values retained
in the experimental record. Table 3 reports the fold-level
precision, recall, and F1-score values, and Figure 6 visualizes
them across the five folds. The pooled results are interpreted
as internal image-level performance under the stated
protocol. Patient-level and source-level generalization cannot
be inferred from these results. Figure 7 reports the training
and testing accuracy for each cross-validation fold.

ROC-AUC was considered as a complementary metric
because the class distribution comprises 1,000 COVID-19-
positive and 1,600 normal images. However, the fold-level
probability vectors required to calculate and verify AUPRC
were not retained in the supplied experimental record.
Therefore, no numerical AUPRC value is reported. The
primary conclusions remain based on accuracy, precision,
recall, F1-score, and ROC-AUC.

November 2026] Volume 05 | Issue 04 | Pages 211-222

Table 3. Recall, precision, and F1-score for each of the five folds

Fold Precision (%) Recall (%) | F1-score (%)
Fold 1 98.01 98.50 98.25
Fold 2 97.54 99.00 98.26
Fold 3 98.49 98.00 98.25
Fold 4 97.06 99.00 98.02
Fold 5 98.01 98.50 98.25
Mean + SD 97.8 + 0.54 98.6+ 0.42 98.2+0.11
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Figure 6. Precision, recall, and F1-Score across 5 folds

100.5
mm Training Accuracy

mm Testing Accuracy

100.0 99
9.6 2.8 99.8

Accuracy (%)
2 2
& B
= n

w
2
in

98.0

91.5

Fold 1 Fold 2 Fold 3 Fold 4 Average

Figure 7. Comparison between train and test accuracy over 5 folds

The ROC behavior across the five validation folds and the
corresponding average ROC curve are shown in Figure 8. All
reported classification metrics use COVID-19-positive as the
positive class. The pooled counts (TP=986, FN=14, FP=22,
TN=1578) yield accuracy = 98.6%), precision = 97.8%, recall =
98.6%, and F1-score = 98.2%. Thus, the previously conflicting
overall precision values are reconciled: 98.6% is the pooled
accuracy, whereas 97.8% is the pooled precision. Table 4
summarizes the mean, standard deviation, and 95%
confidence intervals for the principal evaluation metrics. The
summary metrics are reported for the available image-level
evaluation. No additional fold-level values are reconstructed
beyond those explicitly retained in the study record.
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Table 4. Summary of Cross-Validation Performance Metrics (Mean *
SD)

Metric Mean + SD 95% CI
Accuracy (%) 98.6+ 0.09 98.51-98.73
Precision (%) 97.8+ 0.54 97.14-98.51

Recall / Sensitivity (%) 98.6 + 0.42 98.08-99.12
Specificity (%) 98.6 + 0.36 98.31-98.94
F1-score (%) 98.2+0.11 98.08-98.34
AUC 0.987 + 0.004 0.982-0.992

lllustrative ROC Curve (AUC=0.987)
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0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 8. ROC curves obtained over 5 folds and the average ROC
curve

6.2 Confusion matrix

The pooled confusion matrix combines predictions
across the five cross-validation folds and is reported as
retained in the study record. The pooled numbers of true
positives, false negatives, false positives, and true negatives
are presented in Table 5. From these counts: accuracy =
(986+1578)/2600 = 98.6%, precision = 986/(986+22) =
97.8%, recall =986/1000 = 98.6%, and F1 = 98.2%. The false-
negative rate is 1.4% (14/1000), and the false-positive rate is
1.4% (22/1600).

Table 5. Pooled confusion matrix across five folds

COVID-19-positive: TP = 986 FN =14
TN =1578

Normal: FP = 22
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6.3 ROCand AUC

For every validation fold, ROC curves were generated
using the COVID-19-positive class probability returned by the
Decision Tree's predict_proba function for the held-out
samples. No probability calibration or Platt scaling was
applied. The same procedure was used consistently across all
five validation folds. Under the retained image-level
evaluation protocol, the resulting analysis yielded a
sensitivity of 98.6%, specificity of 98.7%, and mean AUC of
0.987 + 0.004. Because the evaluation was performed at the
image level and no independent external cohort was used,
these values should not be interpreted as externally validated
diagnostic performance. No AUPRC value is reported because
the required fold-level probability vectors were not retained
in the supplied experimental record.

7. Discussion
7.1 Comparison with literature

Table 6 positions the proposed framework against
representative recent chest X-ray classification studies. The
table distinguishes COVID-19-specific studies from
methodologically relevant chest X-ray studies that address
other diseases. The Hadhoud et al. [13] study is included only
as a methodological hybrid CNN-ViT reference because its
reported tasks are tuberculosis/pneumonia classification
rather than COVID-19; it is therefore not used as a direct
COVID-19 benchmark. Direct numerical superiority across
publications is not claimed because datasets, class definitions,
preprocessing, and validation protocols differ. The reported
accuracy values used in the literature comparison are
visualized in Figure 9 and summarized numerically in Table
6. The proposed framework is structurally lightweight
because it uses seven handcrafted features and a Decision
Tree classifier rather than a large deep neural network.
However, because controlled runtime, memory, and FLOPs
measurements were not retained in the experimental record,
no quantitative computational advantage is claimed.

7.2 Clinical applicability

The framework may be viewed as a methodological proof
of concept for interpretable CXR classification, but the present
evidence does not establish clinical utility. The use of image-
level rather than patient-level partitioning, multi-source
composition, lack of an independent external cohort, and
limited shape-only representation prevent claims of
generalizable diagnostic performance or clinical deployment.

Table 6. Comparison of the proposed method with representative state-of-the-art COVID-19 detection approaches

Validation Accuracy Precision Recall F1-score .

Method Strategy (%) (%) (%) (%) AUC Computational Cost
ViT-based [12] Train/Test Split 97.61 95.34 93.84 94.58 NR High
Se]f's‘[lf;’]r vised | ¢ oss-validation 96.80 96.20 95.70 95.90 0.982 High
Lightweight CNN Hold-out

[16] Validation 98.55 NR 97.00 97.00 NR Moderate
Proposed method Stratlﬁé% 5-Fold 98.6 97.8 98.6 98.2 0.987 Not directly measured
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Literature Comparison (lllustrative / Different Protocols)
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Figure 9. Comparison of the reported classification accuracy
between the proposed framework and representative COVID-19
detection methods from the literature

7.3 Limitations
Several limitations are explicitly incorporated into the
interpretation of the findings:

e Image-level, not patient-level, partitioning: because patient
identifiers were unavailable for part of the dataset, images
rather than patients were split across folds. This creates a
credible risk that related images from the same patient
could occur across training and test folds, potentially
inflating performance. This is treated as a major
methodological limitation rather than a minor footnote.

e Multi-source composition: the dataset merges multiple
repositories with potentially different acquisition
equipment and protocols; residual source-related signal,
rather than disease status alone, cannot be excluded as a
contributor to the reported accuracy without source-
disjoint validation.

e Shape versus texture: Hu moments describe global lung
geometry and may under-represent texture-based findings
such as ground-glass opacities and consolidation. The
present results therefore treat Hu moments as a
complementary descriptor rather than a substitute for
texture analysis.

e Segmentation validation: quantitative Dice/IoU results
against reference masks were not retained in the supplied
study record. Accordingly, segmentation quality is not
claimed to be quantitatively validated. Future evaluation
should report Dice, IoU, sensitivity, specificity, and
representative failure cases against reference masks.

e No external cohort: the reported confidence intervals and
ROC/AUC are internal to the same multi-source dataset.
Independent patient-disjoint and source-disjoint external
validation is required before claiming generalizable
diagnostic performance.

The reported performance should therefore be interpreted
only as internal image-level discrimination under the current
protocol. Itis not presented as real-world diagnostic accuracy
or evidence of readiness for clinical deployment. A formal
ablation study is not reported because the underlying fold-
level outputs required to verify component-wise
performance were not retained. The methodological
sequence remains segmentation, Hu-moment extraction,
normalization, and Decision Tree classification.
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7.4 Ablation study

A formal component-wise ablation analysis could not be
independently reproduced from the retained experimental
record because the complete fold-level outputs required to
verify the individual contribution of each pipeline component
were not preserved. Therefore, no additional numerical
ablation claims are made in the revised manuscript. The
proposed pipeline consists sequentially of lung segmentation,
Hu invariant moment extraction, feature normalization, and
Decision Tree classification.

These components define the methodological
framework evaluated in the present study; however, their
individual incremental contributions cannot be quantified
retrospectively without the corresponding controlled fold-
level experimental records. Accordingly, the reported
classification performance should be interpreted as the
performance of the complete proposed pipeline under the
current internal image-level evaluation protocol, rather than
as evidence that any individual component independently
accounts for the observed performance. A controlled ablation
study using identical patient-disjoint and source-disjoint
splits, with complete fold-level predictions retained for each
experimental configuration, is identified as an important
direction for future validation.

7.5 Comparison with classical machine learning

classifiers

The comparative performance of the proposed Decision
Tree and the seven classical classifiers is reported in Table 7.
Seven classical classifiers (SVM, Random Forest, KNN, Logistic
Regression, Naive Bayes, XGBoost, MLP) were compared
against the proposed Decision Tree, all using the same 7-
dimensional Hu-moment features and the same stratified 5-
fold protocol.

A paired Wilcoxon signed-rank test was not performed
retrospectively because the complete fold-level prediction
outputs required for a verifiable statistical comparison were
not retained in the supplied experimental record. The same
stratified fold assignments were used for all classifiers,
providing a consistent descriptive comparison; however, with
only five folds, formal statistical inference would be limited.
Therefore, the Decision Tree's higher descriptive mean
performance is not interpreted as statistically established
superiority over the other classifiers.

e For a definitive empirical run, the same fold assignments
should be retained for all classifiers and paired Wilcoxon
testing should be calculated from the retained fold-level
predictions.

Objective closure: Objective O1 is addressed by the compact
interpretable pipeline; 02 by Otsu segmentation and seven
Hu descriptors; 03 by stratified five-fold cross-validation and
classical-classifier benchmarking; and 04 by explicitly
limiting interpretation to internal image-level discrimination
and identifying patient-disjoint, source-disjoint, external,
segmentation, texture, and computational validation as
required next steps.

This study presents an interpretable framework for
COVID-19 screening from chest X-ray images, combining lung
segmentation, seven Hu invariant moments, training-fold z-
score normalization, and a class-weighted Decision Tree.
Under the retained image-level stratified 5-fold protocol, the
pooled evaluation reports 98.6% accuracy, 97.8% precision,
98.6% recall, and 98.2% F1-score, with AUC = 0.987 + 0.004.
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Table 7. Comparative performance evaluation of the proposed framework against classical machine learning classifiers

Classifier Accuracy (%) Precision (%) Recall (%) F1 (%)
SVM 94.10 £ 0.42 94.00 + 0.45 94.10 £ 0.38 94.00 £ 0.41
Random Forest 96.40 £ 0.33 96.50 + 0.31 96.40 £ 0.29 96.40 £ 0.30
KNN 89.50 £ 0.67 89.70 £ 0.71 89.50 £ 0.62 89.60 = 0.65
Logistic Regression 87.20 £ 0.82 87.00 + 0.85 87.20 £ 0.79 87.10 £ 0.81
Gaussian Naive Bayes 85.40 + 0.94 85.90+0.91 85.40 + 0.88 85.60 + 0.89
XGBoost 97.10 £ 0.25 97.00 £ 0.28 97.10 £ 0.22 97.00 £ 0.24
MLP 95.80 + 0.38 95.90 + 0.40 95.80 + 0.35 95.80 + 0.37
Proposed Decision Tree 98.6% 0.09 97.8+ 0.54 98.6% 0.42 98.2+0.11

These results indicate that a low-dimensional shape
descriptor can provide useful discrimination within the
evaluated cohort. Revisiting the stated objectives: 01 and 02
were implemented through the proposed classical
preprocessing and Hu-moment representation; 03 was
evaluated using stratified 5-fold cross-validation and
descriptive comparisons with seven classical classifiers; and
04 is addressed by explicitly reporting the risks of image-
level leakage, source-related confounding, absence of
external validation, and the limitation of shape-only features.
The findings are therefore presented as internal proof-of-
concept evidence rather than clinically validated diagnostic
performance. The same classical-classifier comparison is
graphically summarized in Figure 10 using the seven-
dimensional Hu-moment representation.

Classical Classifier Comparison (lllustrative)
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Figure 10. Comparison of the classification performance of the
proposed Decision Tree with the evaluated classical machine-
learning classifiers using the same seven-dimensional Hu-moment
feature representation and stratified five-fold cross-validation

8. Conclusion

This paper presents an interpretable framework for
COVID-19 screening from chest X-ray images, combining lung
segmentation, Hu invariant moment feature extraction,
feature normalization, and a Decision Tree classifier. Under
stratified 5-fold cross-validation, the framework achieved
98.6% accuracy, 97.8% precision, 98.6% recall, and a 98.2%
F1l-score (AUC = 0.987), with relatively small fold-to-fold
variation indicating stable performance within the evaluation
protocol used. These results show that a low-dimensional,
shape-based descriptor combined with a fully interpretable
classifier can achieve strong discrimination between COVID-
19-positive and normal chest X-ray images under internal,
image-level validation. We do not extend this to a claim of
clinical readiness: because validation was not patient- or
source-disjoint, and because Hu moments capture global
shape rather than the texture-based findings most directly
linked to COVID-19, the present results should be read as
preliminary, proof-of-concept evidence rather than as
validated diagnostic performance. The original conclusion's
claim that the method is ready to support screening "in less
privileged settings" has been removed for the same reason
(Sections 6.1, 7.2, 7.3). Revisiting the four objectives stated in
Section 1: 01 (a lightweight, interpretable pipeline) and 02
(Otsu segmentation combined with Hu invariant moments as
a compact shape descriptor) were both fully implemented
and reported in Sections 3-4; 03 (Decision Tree evaluation
under stratified 5-fold cross-validation, benchmarked against
seven classical classifiers) was completed and reported in
Sections 6 and 7.5; and 04 (transparent reporting of the
image-level evaluation limitation and the shape-only feature
set, with the additional validation this implies) is addressed
throughout Section 7.3 and in the future-work items below.
Future work should (1) use patient-disjoint and source-
disjoint splits, (2) perform independent external validation
on multi-center data, (3) add matched texture baselines such
as GLCM, LBP, and HOG, (4) quantitatively validate lung
segmentation against reference masks using Dice and IoU, (5)
perform training-fold-only hyperparameter sensitivity
analysis, (6) retain complete fold-level predictions for
reproducible paired statistical testing, and (7) record verified
runtime, memory, and software-version information for
reproducibility.
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