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Abstract. This study evaluates the integration of attention
mechanisms (Efficient Channel Attention [ECA] and Coordinate
Attention [CoordAtt]) into MobileNetV3-Small For preliminary
conjunctival anemia screening. Using a single public dataset of 710
pediatric images from Ghana (CP-AnemiC dataset), the model was
evaluated retrospectively via stratified 10-fold cross-validation
(80%) and tested on a hold-out test set (20%). CoordAtt achieved
the highest performance (Accuracy 78%, Sensitivity 84%, Specificity
70%, AUC 0.85), outperforming the Baseline (Accuracy 75%,
Sensitivity 80%, Specificity 67%, AUC 0.80) and ECA (Accuracy 76%,
Sensitivity 83%, Specificity 66%, AUC 0.81). A 95% Bootstrap BCa
confidence interval test confirmed that the CoordAtt improvement
over the Baseline is statistically significant for Accuracy, F1-Macro,
Sensitivity, and AUC. Grad-CAM visualizations further showed more
Focused conjunctival localization. This improvement came with only
a minimal increase in theoretical computational Footprint (1.06M
parameters, 0.0584 GFLOPs), keeping a lightweight profile similar to
the Baseline (1.03M parameters, 0.0581 GFLOPs). These results show
that CoordAtt improves classification performance without
sacrificing computational efficiency, suggesting potential suitability
for resource-constrained devices prior to clinical validation.
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1 INTRODUCTION

Anemia remains a pressing global health problem, with no meaningful decline in
prevalence, falling hardest on women of reproductive age and children under Five [1].
Standard diagnosis via Complete Blood Count (CBC) requires venous blood collection,
chemical reagents, and automated analyzers operated by trained personnel, a setup
routinely unavailable at primary healthcare Facilities in low and middle income countries
(LMICs) [2], [3]. Cloud based diagnostics and telemedicine offer little relief where internet
connectivity is too unstable to sustain clinical data transmission [4]. Noninvasive
preliminary screening that runs offline on low cost edge devices, without any laboratory
dependency, is what these settings actually need [5], [6], [7]. The conjunctiva suits this
purpose well, its capillary dense tissue and low melanin content mean that visible pallor
often correlates with systemic hemoglobin concentration, although this relationship is
highly sensitive to ambient lighting, image acquisition quality, and underlying clinical
conditions [8]. Computer vision can read that pallor objectively, replacing subjective
clinical judgment with deep learning models trained on color and texture features for

early triage and screening [8], [9].

Conjunctival image-based anemia screening has attracted growing attention from the
deep learning community. Using the public CP-AnemiC dataset, Appiahene et al. [8]
benchmarked ResNet50 on 710 pediatric images from Ghana, reporting 84.79% accuracy,
but included no attention mechanism and disclosed no computational cost. Ramos-Soto
et al. [10] achieved 98.47% accuracy with a Vision Transformer (ViT-B/16) impressive on
paper, but at 86 million parameters the model cannot run offline on constrained
hardware. Lin et al. [11] added Channel-Spatial Attention to a ResNet50 backbone in their
BPANet, reaching 84.9% accuracy; even with the attention module, the architecture is
heavy and FLOPs were never reported. Chen et al. [6] built a lightweight 1.08-million-
parameter pipeline combining EGE-Unet and DHA Ffor smartphone-based real-time
inference, though the system estimates hemoglobin as a continuous value rather than
classifying anemia, and relies on a proprietary closed dataset. Fuentes-Beingolea et al.
[12] addressed a different problem entirely illumination variability using LAB color space
normalization and CLAHE preprocessing to lift accuracy to 88.28%, without touching the
classifier architecture or introducing any attention module. While these prior studies

established important baselines on the CP-AnemiC dataset, the balance between clinical
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screening sensitivity and computational efficiency on lightweight architectures remains

underexplored.

Four gaps in the literature still stand between current research and practical Al based
anemia screening in resource-limited settings [8], [10]. First, the field has leaned heavily
on large-parameter architectures, leaving lightweight models suitable for edge
deployment underexplored [8], [13]. Second, compressing a model to run on constrained
hardware often blunts its sensitivity to subtle clinical Features [11], [14], yet no study has
specifically tested whether integrating an attention mechanism into a backbone as light
as MobileNetV3-Small can recover that sensitivity for conjunctival anemia classification.
Third, MobileNetV3 already contains built-in Squeeze and Excitation (SE) channel
attention in its bottleneck blocks [15], so adding an external attention module risks
computational redundancy unless the injection point is carefully validated. Therefore, this
study specifically tests whether supplementing the built-in SE with external attention
still adds clinical value. Fourth, prior evaluations have prioritized accuracy while leaving
computational Footprint unreported and statistical significance testing largely absent [6],

N3l

This study compares two attention mechanisms integrated into MobileNetV3-Small:
Efficient Channel Attention (ECA) and Coordinate Attention (CoordAtt). Both were
selected over alternatives such as CBAM or Triplet Attention based on parameter
efficiency and structural Fit. ECA preserves full cross-channel interaction without the
dimensionality reduction found in standard SE or CBAM, adding virtually no parameter
overhead [16]. CoordAtt encodes horizontal and vertical positions separately, which is
expected to suit conjunctival ROl images better than channel-only attention, as the
anatomical shape of the conjunctiva requires precise spatial localization of pallor within

distinct boundaries [17].

Two hypotheses guide the evaluation: (1) Integrating CoordAtt or ECA will significantly
improve the preliminary screening performance (Sensitivity and Specificity) of
MobileNetV3-Small compared to the baseline model with only built-in SE. (2) The
integration of these modules will not substantially increase the theoretical computational

Footprint, maintaining suitability for edge devices.
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Most prior work stops at reporting mean accuracy. This study does not. Performance is

assessed on two dimensions simultaneously: clinical screening metrics and theoretical
computational fFootprint. Differences between architectures are tested with Bootstrap
BCa confidence intervals to confirm that the performance gains are statistically robust
rather than artifacts of sampling luck [11], [18]. The result is a theoretically lightweight
architecture that can serve as an empirical baseline for future noninvasive anemia

screening systems prior to Formal external clinical validation and edge deployment.

2. METHODS

This study investigates whether integrating external attention mechanisms into
MobileNetV3-Small can recover the clinical sensitivity that model compression tends to
reduce. In conjunctival anemia screening, pallor gradients are the primary diagnostic
Features, and lightweight architectures may lack the representational capacity to localize
these Fine-grained spatial cues while maintaining low parameter counts and FLOPs

suitable For edge hardware in resource-limited settings.

To address this, three variants are compared: the baseline MobileNetV3-Small, and two
attention-augmented variants using Efficient Channel Attention (ECA) and Coordinate
Attention (CoordAtt). ECA targets cross-channel interactions, while CoordAtt integrates
direction-aware spatial encoding suited to the conjunctiva's geometry. The evaluation
measures clinical screening metrics alongside computational Footprint to quantify both

the screening performance gains and the associated computational trade-offs.

Figure 1 outlines the experimental pipeline across three phases: data preparation, model
training, and final evaluation, implemented in Python with TensorFlow and Keras with a
Fixed global random seed of 511 for exact reproducibility. Evaluation goes beyond
accuracy alone. Each architecture is assessed on clinical screening metrics, raw
computational Footprint, and Bootstrap BCa significance tests to confirm that the

observed performance differences are statistically robust.
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Figure 1. Research Method Flow

2.1. Dataset and Image Acquisition

All experiments use CP-AnemiC, a publicly released conjunctival image dataset on
Mendeley Data [19]. The dataset comprises 710 unique individuals, with each image linked
to a distinct patient via a unique Image ID [8], [19]. The dataset contains 710 JPG images

of conjunctival regions of interest (ROI) from children aged 6 to 59 months, collected at
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10 hospitals across Ghana. Images were acquired with a 12-megapixel tablet camera under
natural lighting; flash was deliberately avoided to prevent specular reflection on the
ocular surface. ROIs were extracted automatically using a combination of triangle
thresholding and entropy-based grayscale segmentation. Patient identities were Fully
anonymized, and the study protocol received ethics approval from the University of
Energy and Natural Resources, Ghana [8], [19]. Representative conjunctival ROl samples

For both classes are shown in Figure 2.

Anemic - p(/ A

Non Anemic N g \/ < 7 \ J

Figure 2. Sample Conjunctival ROI Image

2.2. Data Preparation

Data preparation started with File integrity checks and class label verification. All images
were resized to 224x224 pixels, resizing and pixel normalization were handled on-the-fly
through an ImageDataGenerator pipeline, using MobileNetV3-Small built-in preprocessing
function to remap raw pixel values from [0, 255] to [-1, 1]. Running these steps dynamically
rather than storing preprocessed copies reduces memory overhead and stabilizes
gradient updates during training [15]. The dataset was then split using a nested holdout
strategy to prevent data leakage [20]. Specifically, 142 images (20%) were set aside as a
blind test set before any modeling began and were not touched again until Final
evaluation. The remaining 568 images (80%) formed the development pool for the
training phase [21]. Because the dataset maintains a one-to-one correspondence between
images and patients [8], [19], this partitioning prevents patient crossover between the
development and test splits. The full dataset of 710 images (424 anemic, 286 non anemic)
was divided into a development set of 568 images (339 anemic, 229 non anemic) and a
hold-out blind test set of 142 images (85 anemic, 57 non anemic). Within the stratified 10-
Fold cross-validation on the development set, each fold used approximately 511 images
for training (90%) and 57 for validation (10%), with slight per-fold variation inherent to

the stratified partitioning.
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2.3. Model Architecture and Attention Mechanism

This study evaluated three model variants built on a MobileNetV3-Small backbone pre-
trained on ImageNet. The backbone was fully frozen during training to preserve the
fFeature representations learned from ImageNet and to avoid overfitting on the limited
dataset size. A preliminary experiment that unfroze the two Final blocks consistently
degraded blind test performance across all variants, with Accuracy falling to 0.54 to 0.59
and the CoordAtt variant collapsing in six of the ten folds. Full freezing was therefore
retained for all reported experiments. The backbone's final feature map has spatial and

channel dimensions of 7x7x576[15].

Three experimental setups were defined. Setup A (No Attention) passes the feature map
directly to the classification head without any attention module. Setup B integrates an
Efficient Channel Attention (ECA) module [16], and Setup C inserts a Coordinate Attention
(CoordAtt) module [17]. In all cases, the external attention mechanism is injected at the
neck position to avoid Functional redundancy with the Squeeze-and-Excitation (SE) blocks
already built into the MobileNetV3-Small architecture [15]. The overall architecture is

shown in Figure 3.

Setup A: JSE,
(No
4/*‘ Attention) i
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MobileNetV3 3
small Setup B: + ; Output:
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Output . .
Attention) : Non Anemic)
Feature Map: :
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‘ Setup C: +
R CoordAtt
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Attention)

Figure 3. Model Architecture

Following the attention module, a custom classification head maps the extracted feature
representations to the final binary output. The head applies Global Average Pooling 2D
to reduce spatial dimensions, followed by Batch Normalization and Dropout (rate = 0.3)
For regularization. Four fully connected layers then progressively reduce dimensionality

from 128 to 64, 32, and 16 units, each using RelLU activation. A second Dropout layer (rate
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= 0.2) precedes the output layer, which consists of a single unit with Sigmoid activation
to produce the anemia probability. All model variants were optimized using AdamWw with
a learning rate of 1x10™* and weight decay of 1x107*% with binary cross-entropy as the loss

Function.

The ECA module extracts inter-channel relationships by applying Global Average Pooling
(GAP) to produce a single spatial vector, followed by a 1D convolution with an adaptive
kernel size k (a logarithmic Function of the total channel count, C = 576) to generate

channel probability weights w,:
1 .

we = 0(; kW ycj) M
where o denotes the Sigmoid activation Function, w; represents the 1D convolution
weight parameters, and y, is the aggregated information For channel ¢ [16]. CoordAtt, by
contrast, splits the pooling process into horizontal and vertical directions to preserve
awareness of absolute coordinate position, then fuses the result through a 1x1
convolution to reduce dimensionality, before projecting it into a pair of independent

spatial weight matrices Y, (i, j):
Ye(i,)) = X (i, ) x g2 @) x g& () )

where X,(i,j) is the original input Feature matrix, g*(i) and g (j) denote the directional
attention weights along height (vertical) at position i and width (horizontal) at position j
[17]. Feature maps From all three variants are fed into an identical Custom Classifier Head
block, which progressively reduces dimensionality through Global Average Pooling 2D,
Batch Normalization, Dropout (0.3), four ReLU-activated Dense layers 128 = 64 = 32 =

16 Dropout (0.2), and Finally a Sigmoid-activated Dense (1) layer for binary classification.

2.4. Training and Configuration

The training phase was executed on 80% of the data (568 images) using a Stratified 10-
Fold Cross-Validation scheme [21]. Class imbalance in this training subset was addressed
through a Cost-Sensitive Learning approach based on balanced class weights. This
technique was chosen specifically to avoid oversampling or SMOTE, which are prone to
overfitting, and undersampling, which risks discarding clinically relevant information in a

limited-size medical dataset [22], [23]. The weight coefficients were computed
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automatically at each fold iteration based on the actual sample distribution of the

training data. These coefficients were then dynamically injected into the Binary Cross-
Entropy (BCE) loss function. This modification produced a weighted loss function that
imposes a higher mathematical penalty whenever the model misclassifies the minority

class [23].

In addition to receiving class weight adjustments, the training subset in each cross-
validation Fold was also subjected to a conservative image augmentation pipeline [22],
while the validation and test sets were kept in their original condition. These spatial
transformations included random rotation of +15°, horizontal and vertical shifts of 10%,
and zoom variation of +15%, with empty areas resulting from the transformation filled
using a constant pixel value of zero (black). In contrast, manipulative procedures such as
random crop, color distortion, and horizontal flip were deliberately avoided to preserve

the integrity of the pallor gradient, the primary diagnostic marker.

Each of the three model variants was trained independently using AdamW with a learning
rate of 1x107% a batch size of 16, and a maximum of 200 epochs. Early Stopping monitored
validation loss with a patience of 20 epochs and a minimum improvement threshold of
0.001, restoring the best weights automatically at the end of each fold. Model Checkpoint
saved only the weights corresponding to the lowest validation loss. Before initializing
each new model, the backend session was cleared to prevent memory leakage between
folds.

2.5. Performance Evaluation

The clinical validity of each model was evaluated on the 20% blind test set. Relying solely
on overall accuracy can be misleading in imbalanced medical datasets [24], so clinical
discrimination performance was primarily assessed using Sensitivity and Specificity [24].
Sensitivity measures the model's ability to correctly identify anemic cases, while
Specificity measures its ability to correctly rule out non anemic individuals. These metrics
were derived from a confusion matrix of True Positives (TP), True Negatives (TN), False

Positives (FP), and False Negatives (FN), using standard formulations:

TP+TN
TP+TN+FP+FN

3)

Accuracy =
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R TP
Sensitivity = TPTFN @)
P TN
Specificity = ——— )
1 2TP 2TN
Flmacro = 2 (2TP+FP+FN + 2TN+FP+FN) ®)

The arithmetic mean over both classes is used to ensure fair evaluation on imbalanced
data [11], [22]. Model calibration was additionally assessed because discrimination metrics
alone do not reflect the reliability of predicted probabilities [25]. ROC curves were
extracted to obtain Area Under Curve (AUC) values, with Anemia as the positive class [26].
Final metrics are reported as the mean across ten separately trained models, each
evaluated independently on the same blind test set, rather than selecting a single best

fold or applying ensemble voting.

2.6. Computation Cost

The second evaluation dimension measured the Ffeasibility of offline model
implementation for edge deployment. This computational complexity profile was
assessed theoretically by extracting three key metrics from the model architecture: total
parameters, estimated computational load in Floating Point Operations (FLOPs), and
model Ffile size fFootprint in float32 binary format [13]. To complement this theoretical
profile, the three trained models were exported to TensorFlow Lite fFloat32 format and
profiled on a commercial smartphone (Samsung Galaxy A55 5G, Exynos 1480, 8 GB RAM)
through the Android Debug Bridge. Inference latency was measured with the native
TensorFlow Lite benchmarking tool using four CPU threads, a two second warm-up, and
a ten second measurement window repeated three times per model. Model size,
initialization time, and approximate memory Footprint were recorded from the same tool.
All measurements were taken on a single device unit (SM-A556E) running Android 16 with
One Ul 8.0. During testing, the device was connected to the host computer through USB
debugging and operated with no applications running in the background, in an air-
conditioned room at room temperature, and the battery level was at 55%. Because the
benchmark tool reports per-iteration percentiles, mild CPU frequency scaling was
observable in the third consecutive run; the reported means and standard deviations

therefore include this variability rather than excluding it.
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2.7. Model Explainability Visualization (Grad-CAM)

To address the black-box limitation that constrains clinical transparency [26], [27], this
study implemented Gradient-weighted Class Activation Mapping (Grad-CAM) [28] to
visually validate the model's prioritization of relevant diagnostic Features over
background noise [10], [29]. Grad-CAM extracts spatial gradients from the last
convolutional layer before the attention block and converts them into a heatmap
superimposed on the original image. This visualization Ffacilitates a comparative
observation of how well the Efficient Channel Attention (ECA) and Coordinate Attention
(CoordAtt) modules sharpen the model's focus on the conjunctival pallor gradient
compared to the MobileNetV3-Small [10]. This visualization offers qualitative support for
assessing whether the model's focus corresponds to clinically relevant conjunctival

Features [26], [30].

2.8. Statistical Significance Test

To demonstrate that the performance improvement was not the result of random
Fluctuation, this study adopted the non-parametric Bootstrap Bias-Corrected and
Accelerated (BCa) significance test [18], [31]. The procedure was carried out by resampling
with replacement from the paired metric differences between model variants across the
ten Folds when predicting the blind test set, replicated over 10,000 computational
iterations [32]. BCa was chosen to correct for skewness and bias arising from the small
sample size (n=10) [33]. The performance advantage was considered statistically
significant when the 95% Confidence Interval (Cl) did not include zero at all,

mathematically indicated by a lower bound greater than 0O [31].

3. RESULTS AND DISCUSSION

3.1. Training and Validation Convergence

Learning dynamics from the 10-Fold Cross-Validation scheme were aggregated into a
single validation curve for accuracy and loss metrics in Figure 4. The x-axis was
deliberately truncated at the median of the highest stopping epoch across folds (out of
a maximum of 200 epochs) to mitigate visual bias from a small number of anomalous
Folds. Folds that triggered Early Stopping earlier had their values forward-Ffilled to
maintain consistency in the aggregated array. The main line represents the mean across

the 10 Folds, while the shaded area shows the standard deviation. The curve was
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smoothed using an exponential moving average (Factor 0.7) to reduce fluctuation noise

and clarify the trend.

MobileNetV3s MobileNetV3S+ECA MobileNetV3S+CoordAtt
Accuracy Accuracy Accuracy
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Figure 4. Learning Curve 10-Fold

Based on the resulting plot, the CoordAtt architecture achieved the highest average final
Validation Accuracy, approaching 0.75, surpassing both ECA (around 0.73) and the Baseline
(around 0.71). Although it started with the lowest accuracy, its improvement trajectory
crossed over and overtook both other models between roughly epoch 20 and epoch 30.
Correspondingly, CoordAtt's Validation Loss consistently recorded the lowest final value,
around 0.50. A sharp drop in loss and steep rise in accuracy occurred up to epoch 60.
From epoch 60 onward to the point where the curve was truncated, the trajectories
began to flatten, with a stable deviation band width, indicating that all architectures had
reached model convergence. The CoordAtt variant's convergence with the lowest loss
value and a narrowing deviation band suggests that the spatial information retained by
the Coordinate Attention mechanism contributes to a more stable optimization process

compared to both the ECA variant and the MobileNetV3-Small.

3.2, Confusion Matrix and Clinical Performance Evaluation
Table 1 presents the average confusion matrix across the 10-fold cross-validation for
each model evaluated on the 142 images in the blind test set, where the MobileNetV3-

Small row denotes the Baseline model.
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Table 1. Confusion Matrix Mean 10 Fold

Model TP FN FP TN
MobileNetV3-Small 67.9 172 18.9 381
+ ECA 709 141 19.5 375

+ CoordAtt 7.3 137 17.2 39.8

Across all ten Folds, the CoordAtt model averaged the highest True Positives (71.3) and
the lowest False Negatives (13.7), outperforming the Baseline (17.1 FN) and ECA (14.1 FN). In
a preliminary screening context, minimizing False Negatives is the primary clinical
concern, as missed anemia cases delay further laboratory confirmation. CoordAtt
successfully reduced average False Negatives while also lowering average False Positives
compared to the Baseline (17.2 vs. 18.9). However, it is worth noting that any remaining
False Positives (averaging 17.2 per fold) can increase unnecessary referrals, potentially
burdening already limited primary-care facilities. The clinical performance of the three
architecture variants was evaluated using Accuracy, F1-Macro, Sensitivity, Specificity, and
AUC, with 95% confidence intervals (Cl) computed via t-distribution (df = 9) across the

ten Folds on the blind test set. Results are presented in Table 2.

Table 2. Clinical Performance Comparison on Blind Test Set (Mean and 95% Cl)

Model Acc F1-Macro Sens Spec AUC
MobileNetV3-
Small 0.75 [0.68,0.81] 0.73 [0.65,0.81] 0.80 [0.72,0.87] 0.67 [0.54,0.80]  0.80 [0.72,0.88]
ma
+ ECA 0.76 [0.72,0.81] 0.73 [0.64,0.831] 0.83 [0.79,0.88]  0.66 [0.49,0.83] 0.81[0.74,0.88]

+ CoordAtt 0.78 [0.76,0.81] 0.77 [0.75,0.80] 0.84 [0.81,0.87] 0.70 [0.68,0.72] 0.85 [0.83,0.87]

CoordAtt recorded the highest performance across all Five metrics (Table 2), with the
narrowest confidence intervals among the variants. Integrating coordinate attention into
MobileNetV3-Small appears to improve spatial localization of diagnostic Features, which

may contribute to the performance advantage over the channel-only ECA variant.

CoordAtt also produced the narrowest confidence intervals across all five metrics (widths
of 0.04 to 0.06), compared with considerably wider intervals For ECA, particularly for
Specificity (width 0.34) and F1-Macro (width 0.18), and intermediate variability for the

Baseline (Specificity width 0.27). The narrower intervals suggest that the spatial attention
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module reduces sensitivity to training data variation across folds, particularly for
Specificity. Positive Predictive Value (PPV) and Negative Predictive Value (NPV) were also
computed as supplementary clinical indicators, with CoordAtt achieving an average PPV
of 0.81 and NPV of 0.75. These values reflect a screening trade-off: high sensitivity
reduces missed anemia cases, but a Specificity of 0.70 means some healthy individuals
will be flagged, adding potential referral burden on primary-care facilities, while an NPV
of 0.75 indicates that negative predictions carry reasonable confidence, though not

sufficient For standalone clinical decisions without further laboratory confirmation.

3.3. Computation Cost Evaluation
Details on the number of operational parameters, estimated computational load (Floating

Point Operations), and memory footprint of the three models are compared descriptively

in Table 3.
Table 3. Computation Cost Comparison
Model Total Parameters Trainable GFLOPs Model Size
MobileNetV3-Small 1,026,161 85,889 0.0581 3.91 MB
+ ECA 1,026,166 85,894 0.0581 3.91 MB
+ CoordAtt 1,057,337 117,029 0.0584 403 MB

The ECA module adds only five trainable parameters without changing the computational
load or memory footprint, while CoordAtt adds 31,176 parameters and raises the load only
marginally, from 0.0581 to 0.0584 GFLOPs. Both modified variants remain within a Four
megabyte footprint, indicating that injecting attention at the neck position balances the
trade-off between accuracy and network complexity. This theoretical profile was
confirmed empirically on a Samsung Galaxy A55 5G through TensorFlow Lite float32
profiling, as summarized in Table 4. All variants achieved real time inference, with the
proposed CoordAtt model reaching a mean latency of 2.25 + 0.48 ms with a 4.21 MB model
File, and the TFLite conversion matched the original Keras models with no classification

changes across the 142 test images.

Table 4. On-device inference profiling on a Samsung Galaxy A55 5G

Model Model Load Memory Footprint Latency Model Size

MobileNetV3-Small 2542 ms 15.54 MB 211£0.52 ms 4.08 MB
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Model Model Load Memory Footprint Latency Model Size
+ ECA 21.20 ms 15.67 MB 216+0.52 ms 4,08 MB
+ CoordAtt 17.00 ms 15.91 MB 2.25+0.48 ms 421 MB

3.4. Grad-CAM Visualization

Spatial activation patterns of MobileNetV3-Small, ECA, and CoordAtt were visualized using
Gradient-weighted Class Activation Mapping (Grad-CAM) derived from the best-
performing Fold checkpoint across Four diagnostic outcome categories on the blind test
set: True Positive, True Negative, False Positive, and False Negative, as shown in Figure 5.
Unlike the averaged clinical metrics, Grad-CAM maps represent a single fold checkpoint.

Heatmaps were qualitatively assessed against anatomical conjunctival landmarks.

Input Image MobileNetV3-Small +ECA +CoordAtt

High
(Main Focus)

True Positive (TP)

True Negative (TN)

Medium

False Positive (FP)

Low
(Ignore)

False Negative (FN)

Figure 5. Grad-CAM heatmaps for TP, TN, FP, and FN cases across evaluated models

In correctly classified cases (TP and TN), CoordAtt shows closer anatomical alignment

with the conjunctiva compared to the Baseline and ECA. For TP cases, CoordAtt generates
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a concentrated high-intensity activation zone (red-to-yellow spectrum) centered on the
central, while ECA shows activation extending beyond tissue boundaries into the
background. For TN cases, CoordAtt suppresses activation across healthy tissue (blue
spectrum), whereas the Baseline produces scattered hotspots on non anemic mucosal
regions. Analysis of Failure cases (FP and FN) reveals the following patterns. FP All three
architectures show occasional warm activations at tissue margins or areas affected by
specular lighting, suggesting residual sensitivity to acquisition artifacts rather than
clinical anemia indicators. FN The Baseline and ECA show activation spreading into
background regions. CoordAtt re-centers focus on the lower conjunctival fold but
produces activation below the positive classification threshold. These Grad-CAM patterns
are qualitative indicators of gradient-based saliency and should not be interpreted as

direct evidence of causal decision pathways.

3.5. Statistical Significance

In the ECA versus Baseline comparison, the 95% confidence intervals included zero for
all Five metrics, indicating no statistically significant difference. In contrast, the CoordAtt
versus Baseline comparison excluded zero for Accuracy, F1-Macro, Sensitivity, and ROC-
AUC, confirming that its improvements are statistically significant, while Specificity
remained non-significant with an interval that included zero. These statistical validation

results are presented in Table 5.

Table 5. Bootstrap BCa Statistical Significance Results (95% Cl)

Metrics ECA (4) 95% Cl (ECA) CoordAtt (A)  95% Cl (CoordAtt)
Test Accuracy +0.0169 [-0.0141, +0.0676] +0.0359 [+0.0043, +0.0894]
Test F1 +0.0048 [-0.0566, +0.0882] +0.0429 [+0.0046, +0.1317]
Sensitivity +0.0353 [-0.0270, +0.2064] +0.0400 [+0.0071, +0.0977]
Specificity -0.0105 [-0.2088, +0.1368] +0.0298 [-0.0368, +0.2053]

Test ROC-AUC +0.0163 [-0.0264, +0.1088] +0.0497 [+0.0085, +0.1504]

The delta (A) values represent the performance difference of the attention-based models compared to the

Baseline (MobileNetV3-Small).
The resampled BCa distributions shifted toward positive differences for CoordAtt across

all metrics, with more compact spreads than ECA, consistent with the interval results

presented in Table 5. This improvement is not the result of random Ffluctuation in the
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training data distribution, in contrast to the ECA variant, whose confidence interval still
includes zero. The exclusion of zero from the lower bound For the majority of metrics
therefore provides clear statistical support for CoordAtt's performance advantage over

the Baseline model.

Because screening deployment depends not only on discrimination but also on the
reliability of predicted probabilities, model calibration was assessed on the blind test set.
Figure 6 shows the reliability diagram pooled from the ten fFold-trained models. All three
variants track the diagonal closely in the mid and high probability ranges, while the
largest deviations occur in the low probability bins, where predictions are slightly less
reliable. The proposed CoordAtt model achieved the lowest Brier score of 01573 (95% ClI,
0.1469 to 0.1677), compared with 01667 (95% Cl, 0.1451 to 0.1883) For ECA and 01709 (95%
Cl, 01448 to 0.1970) for the Baseline, indicating that the improvement of CoordAtt

extends beyond classification accuracy to probabilistic reliability.

Sensitivity, specificity, Positive Predictive Value (PPV), and Negative Predictive Value (NPV)
were examined across decision thresholds from 0.1 to 0.9 (Figure 6). At the default
threshold of 0.5, which was Fixed during training and not tuned on the test set, the
proposed CoordAtt model achieved a sensitivity of 0.8388 and a specificity of 0.6982,
compared with 0.7988 and 0.6684 for the Baseline and 0.8341 and 0.6614 for ECA.
Lowering the threshold increased sensitivity at the cost of specificity: at a threshold of
0.4, CoordAtt reached a sensitivity of 0.8871 while retaining a specificity of 0.6211, and its
sensitivity decreased more gradually across thresholds than that of the Baseline and ECA.
This behavior is consistent with a screening design in which missed anemia cases carry
a higher clinical cost than false referrals, while the steadily increasing PPV of CoordAtt
at higher thresholds, reaching 0.9430 at a threshold of 0.9, supports its use For confirming

positive predictions when the operating point is adjusted toward specificity.

Left: calibration curves (reliability diagram) pooled from ten folds for the Baseline, ECA,
and CoordAtt models, with the dotted diagonal indicating perfect calibration. Right:
sensitivity, specificity, PPV, and NPV across decision thresholds from 0.1 to 0.9 for each

model; the dashed vertical line marks the default threshold of 0.5.
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Figure 6. Calibration and decision threshold analysis.

3.6. Discussion

3.6.1. Interpretation of Results

A comprehensive synthesis of the full testing sequence on conjunctival image-based
classification architectures confirms that the Coordinate Attention (CoordAtt)
mechanism delivers the strongest performance among the architectures evaluated in
this study. Integrating CoordAtt into the lightweight MobileNetV3-Small backbone
consistently produced the highest clinical performance across all evaluation metrics
(Table 3). This diagnostic advantage was accompanied by the lowest inter-fold Fluctuation
among the variants, indicating consistent performance across data splits despite

variability in lighting and acquisition angle.

The Bootstrap BCa results confirm a performance advantage for CoordAtt over the
Baseline across training splits. Because the 10 folds checkpoints are evaluated on a fixed
blind test set, the confidence intervals primarily reflect Fold-wise training stability rather
than test-sample variance; the exclusion of zero from the BCa intervals nonetheless
indicates that CoordAtt's advantage is consistent rather than incidental. The absolute

gains are modest, approximately 3.6 percentage points in Accuracy (0.75 to 0.78) and 5.0
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percentage points in ROC-AUC (0.80 to 0.85), but may carry practical value in a screening

setting by reducing missed anemia cases prior to confirmatory laboratory testing. The
improvement should therefore be interpreted as promising but not clinically sufficient
without external validation. This gain is achieved through spatial coordinate attention
with minimal parameter and computational overhead, which is relevant fFor resource-

constrained deployment.

The BCa confidence intervals show that the improvement in Specificity was not
statistically significant; CoordAtt's higher average Specificity notwithstanding, its
confidence interval included zero. In resource-constrained primary-care settings, this
Specificity level means a proportion of healthy individuals will be flagged as anemic,
adding burden to limited laboratory testing capacity. This trade-off should be considered
when determining deployment thresholds, which may need to be adjusted based on local
Facility capacity and prevalence, as illustrated by the threshold analysis showing

sensitivity rising to 0.8871 at a threshold of 0.4.

CoordAtt embeds direction-aware and position-sensitive information into channel
Features, enabling the model to capture spatial dependencies along the narrow geometry
of the conjunctiva. In this dataset, this formulation appears to support more precise
Feature localization compared to channel-only attention. Grad-CAM observations provide
qualitative context: the Baseline and ECA show dispersed activation with spillover into
background regions, while CoordAtt consistently generates localized activation centered
on the conjunctival region. This localization pattern is consistent with the anatomical
area used clinically to evaluate pallor, suggesting that spatial coordinate encoding helps
suppress background regions. These findings are specific to the CP-AnemiC dataset. They
should not be generalized to other conjunctival imaging settings without Ffurther
empirical validation. Failure mode analysis reveals persistent challenges across all

architectures related to specular highlights and edge illumination at tissue margins.

Image acquisition conditions affect the reliability of noninvasive screening models in
practice. Variations in ambient lighting, camera hardware, ROl extraction quality, and
inter-patient differences in skin and ocular pigmentation can introduce domain shifts

that affect generalizability. Because this evaluation relies on a single dataset, how well
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the observed activation patterns transfer to heterogeneous acquisition environments

requires further empirical validation.

From a computational engineering perspective, all of CoordAtt's gains in predictive
localization were achieved without sacrificing efficiency. This substantial performance
improvement came at the cost of only a relatively small increase in parameter count and
computational load (FLOPs), meaning the model retains the fundamental lightweight
character of MobileNetV3-Small, with a total parameter count of approximately 1.06
million. A direct efficiency comparison with prior studies was not possible, however, since
none reported computational complexity metrics such as parameter count, FLOPs, or
model size. Beyond efficiency, this study extends the depth of evaluation through a more
comprehensive framework combining classification performance, statistical significance
testing, inter-fold stability, visual interpretability, and computational efficiency. The main
contribution of this study therefore does not rest on achieving the highest absolute
accuracy, but on this combined evaluation of the Coordinate Attention mechanism within
a lightweight architecture. It supports deployment on resource-constrained edge devices,
enabling non-invasive anemia screening without Ffull reliance on cloud network
connectivity, and is further supported by on-device profiling on a Samsung Galaxy A55
5G, where the proposed model achieved a mean inference latency of 225 ms with a 4.21
MB TensorFlow Lite model File (Table 5). Clinical validation remains a necessary step
before real-world deployment. Prospective, multi-center field trials are needed to
validate diagnostic thresholds across diverse patient populations, assess integration into
primary healthcare workflows, and meet regulatory and ethical requirements for Al-

assisted medical screening.

3.6.2. Comparison with Previous Studies
Table 6 summarizes the comparison with previous studies. The study by Appiahene et al.
[8] is the most relevant comparison, as it evaluated various deep learning architectures

using the same CP-AnemiC dataset used in this study.

Table 6. Performance Comparison with Previous Studies on the CP-AnemiC Dataset

Model Accuracy Sens Spec AUC Parameters

ResNet50 0.8479 0.830 N/R 0.835 N/R
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Model Accuracy Sens Spec AUC Parameters
ViT 0.8408 0.835 N/R 0.841 N/R
VGG16 0.8056 0.785 N/R 0.791 N/R
DenseNet121 0.7958 0.788 N/R 0.793 N/R

MobileNetV3-Small +
0.7824 0.8388 0.6982 0.8463 ~1.06M
CoordAtt (Proposed)

In terms of performance comparison, the proposed MobileNetV3-Small with Coordinate
Attention integration did not reach the highest absolute accuracy previously achieved by
larger-capacity models such as ResNet50 (0.8479) and ViT (0.8408). However, the
proposed architecture achieved a Sensitivity of 0.8388 and a ROC-AUC of 0.8463, both
competitive with and comparable to the highest values reported in the Appiahene et al.
study. In an early-stage medical screening system for anemia detection, these high
Sensitivity and ROC-AUC values carry critical clinical value, as they relate directly to the
system's ability to identify positive anemia cases and minimize the risk of false negatives
during initial screening, where a failure to detect a positive case could delay further
laboratory testing and medical intervention. Although the reference study [8] did not
report computational metrics explicitly, standard architecture literature [34] and recent
reviews of lightweight models [13] note that models such as ResNet50 and ViT-Base [10]
require substantially larger parameter loads of approximately 25.6 million and 86 million,
respectively. Therefore, the minor gap in absolute accuracy represents a rational and

acceptable computational trade-off.

3.6.3. Limitations and Future Work

Several methodological limitations apply to this study. First, evaluation relied on the
single CP-AnemiC dataset from one demographic population in Ghana with a
predominance of pediatric patients; generalizability to populations with different racial
characteristics, skin pigmentation, age ranges, or geographic regions remains uncertain.
Second, although partial fine-tuning of the two final blocks was evaluated and found to
degrade performance consistently, a more systematic search of fine-tuning strategies,
including layer-wise learning rates and quantization-aware Ffine-tuning, remains
unexplored. Third, on-device evaluation was limited to inference latency, initialization

time, and approximate memory Ffootprint on a single Android device using float32
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TensorFlow Lite models; post-training INT8 quantization degraded classification

performance and was therefore not deployed, leaving quantization-aware training
unexplored. Fourth, the model's Specificity of 0.70 produces a clinical trade-off: while
high Sensitivity reduces missed cases, the resulting false positives may increase referral
burden on primary-care Ffacilities. Fifth, statistical validation via Bootstrap BCa relied on
evaluating fold checkpoints against a fixed blind test set; while confirming fold-wise

training stability, this scheme does not directly quantify test-sample population variance.

Future work should address these limitations across several directions. Dataset
expansion should include multi-population cohorts, varying acquisition devices, and
diverse lighting conditions, with external validation on independent data. Future
statistical benchmarking should incorporate test-image level resampling or nested cross-
validation to capture population-level sampling variability. Architectural exploration
should compare CoordAtt against CBAM, Triplet Attention, and SimAM, with partial fine-
tuning of the backbone. For deployment readiness, building on the float32 profiling
reported in this study, FP16 or INT8 deployment should pursue quantization-aware
training, together with energy profiling across diverse device classes. Prospective clinical
testing in primary healthcare settings remains an essential step toward a deployable

noninvasive anemia screening system.

4. CONCLUSION

This study concludes that integrating Coordinate Attention (CoordAtt) into MobileNetV3-
Small improves spatial feature localization for conjunctival image-based anemia
classification. Grad-CAM visualizations show more Focused activation on the conjunctival
region, and Bootstrap BCa testing confirms statistically significant gains in Sensitivity
and ROC-AUC over the Baseline, with minimal increase in computational footprint. As its
primary contribution, this work provides preliminary evidence for a lightweight
architecture that may support future edge-based anemia screening in primary healthcare
Facilities with limited computational resources. The model is not yet clinically validated
and is limited to retrospective pediatric images from the CP-AnemiC dataset; external
validation across diverse cohorts is required before clinical application. On-device
profiling of TensorFlow Lite float32 models on a Samsung Galaxy A55 5G confirmed real-

time inference, with the proposed model achieving a mean latency of 225 ms at
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approximately 445 frames per second and a 4.21 MB model file, with conversion verified

as numerically lossless against the original Keras models. Future work should prioritize

quantization-aware training for integer-only deployment, clinician-reviewed

explainability, and prospective clinical evaluation in primary healthcare settings.
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