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Abstract

Anemia represents a significant public health problem, especially in young children,
where timely identification is essential to prevent serious developmental and health
complications. Conventional diagnostic approaches are based on invasive blood tests,
which can cause distress in children and are frequently unavailable in low-resource
environments.

This research investigates a non-invasive method of detecting anemia through
the application of deep learning to images of the conjunctiva, palm, and fingernails,
collected from children under five years of age in Ghana. Each modality exhibits
distinct strengths and limitations: conjunctival images offer robust predictive features
but carry an infection risk, fingernail images are small and challenging to analyze in
young children, and palm images, while easy to capture, provide inferior contrast.

To address these challenges, a multimodal fusion model is proposed that uses
CNN-based feature extraction, attention mechanisms, and weighted late fusion via
XGBoost. Explainability techniques such as SHAP and Grad-CAM are incorporated
to enhance transparency and interpretability. To improve generalization to real-world
data, a semi-supervised learning approach is introduced, in which confident pseudo-
labels from external datasets are merged with the labeled training data to train new
models on the combined dataset.

Experimental results demonstrate that the fusion approach significantly outper-
forms standalone models, achieving 94.22% accuracy and 0.9918 AUC. On a manually
collected real-world test set of 30 images, the semi-supervised model achieved 83.3%
accuracy and 81.5% F1-score, outperforming the baseline model and improving sen-
sitivity to anemic cases. This study presents a scalable, explainable, and field-ready
solution for early anemia screening, suitable for mobile and cost-effective health di-
agnostics in resource-limited settings.

Thesis Supervisor: Adnan Yazici
Title: Department Chair of Computer Science
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Chapter 1

Introduction

Anemia is a prevalent global health issue impacting over 1.6 billion individuals, par-

ticularly in low and middle-income countries (LMICs) [11]. It is mainly attributed to

iron deficiency, genetic disorders, and infectious diseases, which collectively lead to a

diminished capacity for oxygen transport in the blood. The prevalence of undiagnosed

anemia in children under five is particularly concerning, as it can result in long-term

cognitive, physical, and developmental impairments [11]. Early detection is essential

for facilitating timely intervention and enhancing health outcomes. Conventional di-

agnosis often depends on invasive blood tests, including complete blood count (CBC)

and hemoglobin (Hb) measurements. However, these methods may be impractical in

remote or low-resource settings due to factors such as cost, necessary infrastructure,

and cultural resistance, particularly concerning infants or young children [17], [29].

A conventional low-cost method for anemia screening involves the visual evaluation

of clinical pallor, specifically examining alterations in the conjunctiva, palms, and

fingernails [26]. This method, while straightforward and non-invasive, demonstrates

deficiencies in reliability and objectivity, particularly when executed by untrained

individuals. Recent research has investigated the application of machine learning

(ML) and computer vision techniques to automate and improve the diagnostic process

using digital images [7], [4], [8].

A substantial body of research has utilized these visual regions as potential biomark-

ers for the detection of anemia. Researchers have proposed distinct pipelines for the
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analysis of palm [7], conjunctiva [4], and fingernail [8] images. Each modality presents

distinct benefits and constraints. Conjunctival images exhibit significant vascular de-

tail; however, they may pose infection risks during close capture [6]. Fingernail images

are often small and difficult to segment, especially in pediatric cases, whereas palm

images are simpler to obtain but present lower contrast and less distinct features.

The observed variations have led to the investigation of multi-modality systems that

integrate data from all three image types to enhance diagnostic accuracy [22].

Various publicly accessible datasets, including the Ghana anemia image dataset,

have significantly contributed to this advancement. The datasets consist of image

samples categorized as anemic or non-anemic according to hemoglobin levels, form-

ing the basis for training predictive models. Initial studies employed handcrafted

features like color histograms, GLCM, and texture analysis [7]. In contrast, contem-

porary approaches utilize deep learning techniques, particularly convolutional neural

networks (CNNs) and transfer learning [13].

This research investigates a multi-modal deep learning approach that combines

conjunctiva, fingernail, and palm images to enhance the accuracy of anemia detection,

addressing the limitations of single-modality methods. This architecture integrates

deep convolutional neural network feature extraction, attention-based fusion, and

explainable artificial intelligence methodologies. In addition, this study explores a

semi-supervised learning strategy based on pseudo-labeling to improve generalization

to real-world images. By generating confident pseudo-labels on raw external datasets

and combining them with labeled data, the model is retrained from scratch on the

merged dataset to reduce confirmation bias and adapt to distribution shifts [10].

The model is initially trained on labeled Ghana data and later retrained on a

merged dataset containing pseudo-labeled external samples, enabling semi-supervised

learning. The goal is to enhance performance on real-world images where labeled data

is limited or unavailable.

Explainable AI (XAI) techniques, including SHAP (Shapley Additive Explana-

tions) and Grad-CAM (Gradient-weighted Class Activation Mapping), will be em-

ployed to improve model interpretability, thereby rendering predictions more trans-
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parent and comprehensible for healthcare professionals [14], [9], [15]. These tools are

especially valuable in medical applications, where model transparency is essential for

clinical adoption.

This study aims to develop a scalable, non-invasive anemia screening tool for

deployment in low-resource healthcare settings by utilizing multi-modal fusion and

explainable AI techniques in order to contribute to the advancement of AI-driven

medical diagnostics.

To achieve this goal, the thesis is organized as follows: Chapter 2 reviews the re-

lated literature on non-invasive anemia detection and deep learning in medical imag-

ing. Chapter 3 outlines the methodology, including dataset characteristics, prepro-

cessing steps, and model design. Chapter 4 presents the experimental results and

explains the model’s performance and interpretability. Chapter 5 summarizes key

findings and discusses future directions.
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Chapter 2

Related works

Recent years have witnessed an increasing focus on non-invasive machine learning

methods for anemia detection, utilizing visual indicators from body regions including

the conjunctiva, palm, and fingernails. Researchers have investigated single-modality

pipelines as well as multimodal fusion architectures. This section provides a compre-

hensive review of the current literature organized by input modality and methodology.

2.1 Single-Modality Approaches

Numerous studies have suggested models that rely on a singular visual modality,

commonly utilizing images of the palm, fingernail, or conjunctiva. A comparative

analysis was conducted in [6], evaluating all three modalities through deep learning

techniques. The research indicated the efficacy of image-based screening systems,

with accuracies ranging from 93% to 96%. In palm-only approaches, [5] employed

color and shape descriptors alongside a CNN-based classifier, resulting in a classifi-

cation accuracy of 99.92%. Fingernail images were analyzed in [28], employing CNN

and EfficientNet models to process RGB features, achieving a hemoglobin estimation

accuracy of 90.1%.

The conjunctiva serves as a significant modality, providing a clear visual repre-

sentation of pallor. The authors in [25] utilized ResNet-based feature extraction on

conjunctiva images from the Ghana dataset, resulting in an accuracy of 85%. The
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Eyes-Defy-Anemia dataset was introduced and assessed in [19], utilizing Hybrid CNN

models. In this context, [13] employed MobileNet and ResNet50 in a transfer learning

framework, achieving an accuracy of 88%.

Alternative visual indicators have been investigated as well. In [30], researchers

conducted an analysis of facial features through videos recorded in emergency depart-

ments, utilizing a ResNet + SVM architecture and achieving a classification accuracy

of 81.58%. A further practical implementation is detailed in [21], in which the au-

thors developed a smartphone-based system that integrates CNN feature extraction

from conjunctiva images with patient demographic data. The hybrid model attained

an accuracy of 96.99%, demonstrating the efficacy of combining structured and un-

structured data. The NiADA system [12] utilized CNN and Vision Transformers

for real-time detection of anemia through conjunctival images obtained with smart-

phones. The research highlighted the importance of accessibility and usability in

low-resource environments, demonstrating robust predictive performance.

While single-modality approaches demonstrate potential, they are frequently lim-

ited by the constraints of their specific input type. For example, palm images exhibit

low contrast, fingernail images are diminutive and more challenging to capture, and

conjunctiva may present hygiene issues in certain clinical settings.

2.2 Multimodal Fusion Approaches

Recent studies have introduced fusion-based models to address the limitations of

individual modalities.

In [22], conjunctiva images were combined with electronic health records (EHRs)

through a hybrid CNN and Random Forest classifier. A novel Reverse Convolutional

Block Attention Module (RCBAM) was proposed to improve attention-based feature

learning. The model also utilized a hierarchical multi-scale attention mechanism to

enhance discriminative power. This multimodal integration of visual and clinical

data achieved a classification accuracy of 95%, demonstrating the effectiveness of

combining spatial and channel-level attention techniques.
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In [23], palm images were integrated with textual health data (from Kaggle) using

a fusion pipeline based on AlexNet with spatial and multiple-channel attention mech-

anisms. The textual features were transformed into embeddings via a CNN layer and

combined with image features at a late-fusion stage. The final model attained 95.8%

accuracy and showed significant improvement through spatial attention, enhancing

both interpretability and performance.

A major advancement is presented in [18], which introduced the Body-Part Ane-

mia Network (BPANet) trained on conjunctiva, palm, and fingernail images. This

model incorporates several innovations: (1) channel-spatial attention for automatic

ROI selection, (2) fusion attention module that integrates image features with de-

mographic data (age, gender), and (3) a dual-loss strategy to balance classification

and regression tasks. The approach achieved an F1-score of 0.788 and demonstrated

generalizability across two real-world datasets (EYES-DEFY-ANEMIA and NTUH),

outperforming previous multimodal methods.

These studies collectively highlight how attention-based fusion, dual-loss optimiza-

tion, and the inclusion of non-image modalities can substantially improve anemia

detection in real-world settings.

2.3 Summary and Positioning

The analyzed studies demonstrate the swift advancement of non-invasive anemia de-

tection technologies, transitioning from basic single-modality models utilizing hand-

crafted features to sophisticated multimodal fusion architectures augmented by deep

learning. Although individual modalities have achieved high accuracies, fusion-based

methods exhibit enhanced performance and robustness.

Nevertheless, few current systems demonstrate modality-agnostic capabilities, func-

tioning effectively with only one or two image inputs. Moreover, the aspects of

interpretability and real-time deployment are not addressed in numerous fusion sys-

tems. Additionally, none of the reviewed studies incorporate semi-supervised learning

strategies to improve generalization on real-world unlabeled data. The use of confi-
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dent pseudo-labeling for model retraining remains largely unexplored in this domain,

despite its success in other medical imaging contexts.

This thesis proposes a flexible, attention-based, explainable, and semi-supervised

multimodal model that integrates images of the palm, conjunctiva, and fingernails to

address these challenges. Table 2.1 presents a comparative summary of related work.

Reference Dataset + Modality Feature Extraction Algorithm/Model Accuracy /

Metric

Year

Asare et al. [6] Ghana (Palm, Nail, Con-

junctiva)

Color Features CNN, Naïve Bayes, Decision

Tree, k-NN, SVM

89.45–99.12% 2023

Asare et al. [5] Ghana (Palm) Color + Shape Analysis CNN, k-NN, Decision Tree,

Naïve Bayes, SVM

99.92% 2023

Viveha et al. [28] Ghana (Fingernail) RGB Extraction CNN, EfficientNet, Ridge Re-

gression

RMSE = 0.65,

MAE = 0.624

2024

Singh et al. [25] Ghana (Conjunctiva) Color + Textural ANN, SVM 85% 2023

Muljono et al. [19] Eyes-Defy-Anemia (Con-

junctiva)

Not mentioned SVM, MobileNetV2 93% 2024

Dimauro et al. [13] Eyes-Defy-Anemia (Con-

junctiva)

HSI, HHR SVM, KNN, MobileNet 88% 2023

Zhang et al. [30] Self-collected (Face) Facial Landmark Extrac-

tion

ResNet, DenseNet, Efficient-

Net, Inception

81.58% 2022

Pallavi et al. [21] Self-collected (Conjunctiva

+ Demographics)

Segmentation (UNet), Fea-

ture Fusion

ResNet34 96.99% 2024

Semanti et al. [12] Self-collected (Conjunctiva) ViT + MobileNet CNN + Multi-head Attention Specificity 90% 2024

Ramzan1 et al. [22] Ghana + EHR (Conjunctiva

+ Tabular)

ROI, Grad-CAM RCBAM + MobileNet 95% 2024

Ramzan et al. [23] Ghana + Kaggle (Palm +

Text)

Color Features, Word Em-

beddings

AlexNet, Multiple Spatial

Attention

95.80% 2024

Lin et al. [18] Eyes-Defy + NTUH (Palm,

Conjunctiva, Fingernail)

ROI via ResNet50, Dual

Loss

BPANet, Fusion Attention 84.9% 2024

Table 2.1: Comparative overview of anemia detection studies by reference.

In contrast to these prior studies, our proposed approach introduces a modality-

agnostic, explainable, and semi-supervised multi-modal fusion framework that allows

flexible prediction from one, two, or three image inputs. This dynamic design, com-

bined with SHAP- and Grad-CAM-based interpretability and late fusion via XG-
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Boost, addresses both model transparency and real-world usability. Furthermore, it

leverages confidence-filtered pseudo-labeling inspired by Cascante-Bonilla et al. [10]

to retrain models on a merged dataset, mitigating confirmation bias and improving

generalization under domain shift.

To further contextualize our contribution, Table 2.2 presents a focused comparison

of existing studies that utilized the Ghana dataset. It contrasts the applied modality,

model architecture, fusion strategy, segmentation approach, and explainability tech-

nique. Unlike prior works that relied on pre-cropped or single-modality inputs, our

method combines multiple Ghana modalities, integrates explainability, and enhances

real-world usability through segmentation and semi-supervised learning.

Ref. Modality Model / Architec-

ture

Fusion

Method

Explainability Agnostic In-

put Support

Accuracy

[6] Palm, Conjunctiva,

Fingernail (Single

modality)

CNN, SVM, k-NN,

Naïve Bayes, Deci-

sion Tree

None No No 99.12%

(Palm)

[5] Palm CNN, SVM, Naïve

Bayes, k-NN, DT

None No No 99.92%

(CNN)

[28] Fingernail EfficientNet, Ridge

Regression

None No No RMSE =

0.659

[25] Conjunctiva ANN, SVM None No No 85.0%

[22] Conjunctiva + EHR

(Ghana)

RCBAM-based CNN

+ Random Forest

Feature-level fu-

sion

Grad-CAM No 95.0%

[23] Palm + Text (Ghana

+ Kaggle)

AlexNet + Spatial

Attention

Embedding Fu-

sion

Yes No 95.8%

Ours Palm, Conjunctiva,

Fingernail

ResNet50,

DenseNet121 +

XGBoost

Weighted Fusion

(late)

SHAP, Grad-

CAM

Yes 94.22%

Table 2.2: Comparison of anemia detection studies using the Ghana dataset.
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Chapter 3

Methodology

This chapter presents the methodological framework utilized to create a non-invasive

machine learning model for anemia detection through three visual modalities: con-

junctiva, palm, and fingernail images. The process includes data preparation, model

architecture, training, fusion strategies, and enhancements in interpretability.

3.1 Overview of the Proposed Architecture

The proposed system follows a modular, multi-stage machine learning pipeline de-

signed to support flexible, image-based anemia screening. As shown in Figure 3-1, the

pipeline consists of three CNN-based feature extractors, each optimized for a specific

modality (palm, conjunctiva, and fingernail). These CNNs are trained using modality-

specific attention mechanisms and loss functions to enhance representation learning.

Extracted features from each modality are passed into independent XGBoost classi-

fiers trained to predict anemia status. The final prediction is derived using a weighted

fusion mechanism based on validation performance. The system supports agnostic

input combinations, allowing predictions from one, two, or all three image modali-

ties. Post-hoc interpretability is provided through SHAP and Grad-CAM, enabling

both feature-level and spatial explanations. To improve real-world generalization, a

semi-supervised learning strategy was applied using confident pseudo-labels derived

from external unlabeled datasets.
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Figure 3-1: Overview of the proposed architecture

3.2 Dataset Preparation and Preprocessing

This section introduces the dataset origin, structure, and modality-specific prepro-

cessing steps used to prepare the input for training.

This study used a publicly available dataset from Ghana, comprising annotated

images of three anatomical regions: conjunctiva, palm, and fingernail [4, 8, 17]. Each

image was labeled as anemic or non-anemic based on clinically validated hemoglobin

levels. The dataset was already pre-segmented to focus on the region of interest (ROI)

for each modality, simplifying the classification task. Images were stored in structured

directories categorized by class and modality to ensure reproducibility.

Figures 3-2–3-4 show representative samples for each modality, highlighting the

anatomical differences across classes.

Figure 3-2: Sample images from the fingernail dataset.

All images were resized to 224×224 pixels with padding to preserve aspect ra-

tio and avoid geometric distortion. Dynamic preprocessing was applied during data

loading using a custom Keras pipeline.
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Figure 3-3: Sample images from the conjunctiva dataset.

Figure 3-4: Sample images from the palm dataset.

To enhance contrast in poorly illuminated images, Contrast Limited Adaptive

Histogram Equalization (CLAHE) was applied to all input samples. This technique

has been shown to improve visualization of blood vessel regions in conjunctiva images,

which are critical for anemia detection [27].

A modality-specific ROI masking strategy was also used. For conjunctiva and

fingernail images, grayscale thresholding followed by morphological dilation was used

to extract biologically relevant areas. Palm images were used in full due to their

minimal background interference.

To normalize brightness across samples, percentile-based intensity normalization

was applied between the 2nd and 98th percentiles. This method has been successfully

used in medical imaging, including CT scan segmentation, to reduce the effect of

outliers and illumination variability [24].

After preprocessing, the dataset was split into training (70%), validation (15%),

and test (15%) sets with class balance preserved. Table 3.1 summarizes the distribu-

tion per modality.

Note on Fusion Assumption: Since the palm, conjunctiva, and fingernail im-
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Figure 3-5: Preprocessed conjunctiva sample showing ROI mask and RGB channel
separation.

Modality Anemic (Train) Non-Anemic (Train) Anemic (Val) Non-Anemic (Val) Anemic (Test) Non-Anemic (Test)
Conjunctiva 1796 1199 386 257 386 258
Palm 1792 1188 385 255 385 255
Fingernail 1795 1185 385 255 385 255

Table 3.1: Dataset split summary for each modality after preprocessing.

ages are not patient-aligned, a synthetic fusion input was generated by combining

the 𝑖-th image from each modality during testing. While not representative of clini-

cal deployment, this synthetic alignment allows controlled and balanced multimodal

evaluation during experimentation. This method is commonly used in multi-source

data fusion studies when subject-wise correspondence is unavailable.

3.3 Segmentation Pipeline in Practical Applications

To support real-world deployment, this section describes how raw images were seg-

mented into relevant regions of interest (ROI) for conjunctiva, palm, and fingernail

modalities. Although the Ghana dataset used for model training is already segmented

and cleaned, real-world images—such as those captured by mobile devices—typically

contain substantial background noise and variability. To simulate these conditions

and prepare a deployment-ready pipeline, automated segmentation techniques were

implemented and validated using external datasets.

Three publicly available datasets were used for this purpose, as summarized in

Table 3.2. These datasets contain raw images of hands, eyes, and fingernails, serving

as proxies for real-world conditions.
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Dataset Sample Size Modality Source (Citation)
Hand and Palm Images
Dataset

11,076 images Palm Kaggle dataset [2]

Eye Conjunctiva Seg-
mentation Dataset

547 images Conjunctiva Mendeley dataset [1]

Nail Disease Image
Classification Dataset

2,265 images
(healthy only)

Fingernail Kaggle dataset [3]

Table 3.2: External datasets used for segmentation of palm, nail, and eye images.

For each modality, a dedicated segmentation model was developed or adapted.

Initially, a subset of each dataset was manually annotated to define ROI bound-

aries. These annotations were used to train segmentation models using Roboflow’s

AutoML tools, which support both bounding box and polygon mask formats. The

trained models were then deployed via API to segment the remaining images. Af-

Figure 3-6: Segmentation and preprocessing workflow for palm, conjunctiva, and
fingernail modalities.

ter inference, the predicted ROI was extracted and resized to 224×224 pixels with

padding to preserve aspect ratio and avoid geometric distortion. This resizing step

ensures compatibility with the CNN classifier input dimensions and supports robust

downstream processing.

Figure 3-6 illustrates the end-to-end workflow used to process raw images. This
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includes input acquisition, segmentation prediction, ROI cropping, padding, and final

image resizing.

This segmentation pipeline ensures that the proposed anemia screening system

can be extended to operate on unsegmented real-world images, enabling eventual

integration into mobile-based clinical screening applications.

3.4 Architecture and Training of the CNN Model

This section details the specific architectures, training configurations, and loss func-

tions used to train the CNN classifiers for each modality.

Separate convolutional neural networks were developed for each modality, lever-

aging transfer learning from ImageNet-pretrained backbones. DenseNet121 was used

for palm and fingernail modalities, while ResNet50 was selected for the conjunctiva

modality due to its superior performance in previous related studies. Each network

was modified to include a global average pooling layer, followed by a dense layer with

256 ReLU-activated units. Dropout and batch normalization layers were incorporated

for regularization.

Figure 3-7 illustrates the complete CNN pipelines for each modality, including

the input image, the backbone model, attention blocks (if used), and the extracted

feature vector.

To enhance modality-specific representation, attention mechanisms were selec-

tively applied. The conjunctiva model integrated a Squeeze-and-Excitation (SE)

block to emphasize the most informative channels [16], while the fingernail model

employed spatial attention using a learnable 1×1 convolution followed by a sigmoid

activation [31]. The palm model, in contrast, achieved competitive results without

additional attention layers, relying on the representational strength of DenseNet121

and global average pooling.
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Figure 3-7: CNN architectures per modality.
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Parameter Conjunctiva Palm Fingernail Value (Shared) Notes

Base Model ResNet50 DenseNet121 DenseNet121 – Transfer learning from

ImageNet

Attention SE Block None Spatial Attention – Custom per modality

Loss Function Focal Loss Binary Cross-

Entropy

Binary Cross-

Entropy

– Class imbalance han-

dling

Optimizer Adam Adam Adam – Adaptive gradient de-

scent

Learning Rate 5e-5 1e-4 7e-5 ReduceLROnPlateau Scheduled decay

Dropout 0.3 0.5 0.5 – Regularization

Epochs 20 20 20 Shared With early stopping

Batch Size 32 32 32 Shared Based on memory con-

straints

Table 3.3: Training configuration and hyperparameters used per modality.

As summarized in Table 3.3, all CNNs were trained as binary classifiers using

sigmoid activation. Class imbalance was addressed by computing class weights dy-

namically for each training fold. Early stopping was employed based on validation

AUC to prevent overfitting, and ReduceLROnPlateau was used to adjust learning

rates dynamically.

The conjunctiva model used Focal Loss to mitigate the impact of low signal-to-

noise ratio and data imbalance, while the palm and fingernail models used binary

cross-entropy loss. Training was performed for up to 20 epochs. The feature vec-

tor extracted from the final Batch Normalization layer of each CNN was saved for

downstream fusion using XGBoost classifiers, as described in the following section.

3.5 Integration of Feature Fusion and Multi-Modal

Approaches

Following feature extraction, the fixed-length vectors from each CNN model were

passed into independent XGBoost classifiers. The feature vectors were first standard-

ized using the StandardScaler function from the sklearn.preprocessing mod-
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ule to ensure zero-mean, unit-variance distributions for each modality. To address

class imbalance, the Synthetic Minority Oversampling Technique (SMOTE) from

the imblearn.over_sampling package was applied, generating synthetic minority

class samples.

Each modality-specific standardized and balanced feature set was then used to

train an XGBClassifier from the xgboost package. The XGBoost models were con-

figured with 200 estimators, a maximum depth of 6, a learning rate of 0.08, and GPU

acceleration using the tree_method="hist" and device="cuda" settings. XGBoost

was selected for its robustness in handling imbalanced, tabular data and its ability

to model non-linear decision boundaries efficiently. In preliminary testing, it outper-

formed dense neural network heads when trained on fixed-length feature vectors.

During inference, for each modality, the trained XGBoost models outputted prob-

ability scores for the anemic class using the predict_proba() method. Specifically,

the second column of the predicted probability array, corresponding to the positive

(anemic) class, was extracted for further fusion.

To integrate predictions from multiple modalities, a weighted averaging strategy

was employed. The final classification probability was calculated as:

𝑃final = 𝑤1𝑃conjunctiva + 𝑤2𝑃palm + 𝑤3𝑃fingernail (3.1)

where 𝑃conjunctiva, 𝑃palm, and 𝑃fingernail represent the predicted probabilities for the

anemic class from each modality-specific XGBoost model. The weights 𝑤1, 𝑤2, and

𝑤3 were derived from the validation accuracies achieved during the training of each

modality and normalized such that 𝑤1 + 𝑤2 + 𝑤3 = 1. This weighting approach

ensures that modalities demonstrating stronger validation performance contribute

more significantly to the final decision, thereby enhancing overall robustness.

This modular and flexible design allows the system to operate agnostically, making

predictions with one, two, or three modalities depending on the available inputs. The

weighted fusion method thus supports real-world deployment scenarios where not all

image types may be captured.
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The fusion ensemble was evaluated through five-fold cross-validation, using metrics

such as accuracy, AUC, and F1-score. Detailed results, including ablation compar-

isons among alternative fusion strategies (early fusion and multi-modal CNN fusion),

are presented in Chapter 4. These experiments justify the selection of weighted fusion

as the optimal approach.

3.6 Explainability and Agnostic Prediction

This final methodology section explains how interpretability tools were used to under-

stand and validate model decisions. SHAP and Grad-CAM were incorporated into

the evaluation pipeline to improve model interpretability. SHAP was employed to

evaluate the contribution of each CNN-derived feature to the final prediction made

by the XGBoost classifier, providing insight into model reasoning across modalities

[22], [23]. Summary statistics and bar plots were created to illustrate the impact

of various features on predictions across different modalities. Grad-CAM was uti-

lized to visualize the spatial regions focused on by each CNN during prediction[21].

Heatmaps were produced from the final convolutional layer and evaluated in relation

to the ground truth ROI masks. Metrics including Intersection over Union (IoU),

Confidence Drop, and Attention Shift were calculated and are detailed in Chapter 4

(Results and Evaluation), as they stem from post-training analysis aimed at quanti-

fying the alignment between model attention and biological relevance. The system

was ultimately evaluated under agnostic conditions, employing various combinations

of available modalities. The model exhibited robust performance in all scenarios,

including single-modality input, thereby confirming its adaptability to incomplete or

variable input in practical applications. This modular and interpretable architecture

facilitates high accuracy and flexibility in deployment, rendering it appropriate for

low-resource and mobile-based screening contexts.
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3.7 Semi-Supervised Learning Pipeline

To improve the model’s generalization on real-world inputs and address the scarcity

of annotated medical images, a semi-supervised self-training framework was imple-

mented [20]. This strategy leveraged a small set of labeled samples from the Ghana

dataset alongside a larger pool of unlabeled images from external datasets (Mendeley

and Kaggle). The method follows a classical pseudo-labeling workflow with enhance-

ments through modality-specific confidence filtering.

Figure 3-8: Semi-supervised self-training pipeline implemented for real-world refine-

ment.

As illustrated in Figure 3-8, the pipeline is structured into five key steps:

1. Supervised Training on Labeled Data

CNN feature extractors and XGBoost classifiers were initially trained on the labeled

Ghana dataset for all three modalities—palm, conjunctiva, and fingernail. These

models formed the base system, achieving high validation performance, and were

used to infer predictions on new, unseen data.

2. Pseudo-Label Generation on Unlabeled Data

External images were segmented and preprocessed using the segmentation pipeline

(Section 3.3) and passed through the trained models. This produced probability-

based predictions, which served as pseudo-labels for the unlabeled data.
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3. Confidence Filtering

To reduce the risk of noisy labels, predictions were filtered using empirically defined

confidence thresholds based on labeled test set statistics (Table 4.8 in Chapter 4):

0.9 for palm and fingernail, and 0.7 for conjunctiva. Only samples with predicted

confidence above these thresholds were retained, following the principle of curriculum

learning, where simpler (more confident) samples are learned first [10].

4. Merging Labeled and Pseudo-Labeled Data

The high-confidence pseudo-labeled samples were combined with a 50% subset of the

original labeled Ghana dataset to form a merged training set. This balanced mix was

used to increase data diversity and adapt the model to a broader distribution, while

still grounding learning in clinically verified labels.

5. Retraining and Evaluation

New CNNs were trained from scratch using the merged dataset. Feature vectors were

re-extracted and used to retrain XGBoost classifiers. Fusion weights were also recal-

culated based on the updated validation performance. The resulting semi-supervised

model was finally evaluated on a manually collected real-world test set to assess its

robustness under domain shift conditions.

This strategy demonstrated that confident pseudo-labeling and partial retraining

can enhance model generalization in real-world settings while minimizing annotation

effort.

3.8 Evaluation Metrics

To quantitatively evaluate the model performance, standard classification metrics

were used:

The performance of the proposed model was evaluated using five commonly used

classification metrics: Accuracy, Precision, Recall, F1-Score, and Area Under the
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ROC Curve (AUC). Their mathematical definitions are provided below:

• Accuracy: Measures the proportion of correctly predicted samples among all

samples.

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(3.2)

• Precision: Measures the proportion of positive predictions that were correct.

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(3.3)

• Recall (Sensitivity): Measures the proportion of actual positives that were

correctly identified.

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3.4)

• F1-score: Harmonic mean of Precision and Recall.

F1-score = 2× Precision × Recall
Precision + Recall

(3.5)

• ROC-AUC: Represents the area under the Receiver Operating Characteristic

curve; used to evaluate classification performance independent of threshold.

These metrics are reported in Chapter 4 across single-modality and multi-modality

models under various configurations.
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Chapter 4

Results and Evaluation

This chapter presents the experimental results of the proposed non-invasive anemia

detection system. The evaluation covers model performance across three individual

modalities (palm, conjunctiva, and fingernail), multi-modal fusion, interpretability

analysis using SHAP and Grad-CAM, and robustness under agnostic input scenar-

ios. All experiments were conducted using the preprocessed and balanced dataset

described in Chapter 3.

4.1 Training Performance per Modality

Each CNN model was trained for 20 epochs using early stopping and learning rate

scheduling. Figures 4-1, 4-2, and 4-3 illustrate training curves for accuracy, AUC,

and loss across epochs for the palm, conjunctiva, and fingernail models respectively.

Figure 4-1: Palm CNN training curves (accuracy, AUC, loss)
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Figure 4-2: Conjunctiva CNN training curves (accuracy, AUC, loss)

Figure 4-3: Fingernail CNN training curves (accuracy, AUC, loss)

4.2 Evaluation Metrics per Modality

The trained CNN models were evaluated on their respective test sets using common

classification metrics. Table 4.1 summarizes the results. These scores reflect each

anatomical region’s independent ability to support non-invasive anemia detection.

Modality Accuracy Precision Recall F1-Score ROC-AUC
Palm 0.97 0.97 0.98 0.98 0.997
Conjunctiva 0.88 0.91 0.85 0.88 0.927
Fingernail 0.94 0.96 0.94 0.95 0.986

Table 4.1: Evaluation metrics per modality on test set.

As shown in Figure 4-4, the palm model demonstrated the highest classification

reliability with only 31 misclassified cases, while the conjunctiva model had a higher

false negative rate. This aligns with previous analysis of model interpretability and

texture clarity per modality.
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Figure 4-4: Confusion matrices for Palm, Conjunctiva, and Fingernail CNN classifiers.

4.3 Multi-Modal Fusion Performance

A feature-level weighted fusion strategy using XGBoost classifiers was evaluated under

5-fold cross-validation. Metrics include classification accuracy, AUC, and F1-score for

both classes across folds.

Fold Accuracy AUC F1 (Anemic) F1 (Non-Anemic)
1 0.9406 0.9518 0.9112 0.9544
2 0.9453 0.9583 0.9247 0.9559
3 0.9420 0.9537 0.9165 0.9513
4 0.9448 0.9561 0.9210 0.9551
5 0.9383 0.9492 0.9098 0.9485

Table 4.2: 5-Fold cross-validation results for weighted fusion using XGBoost (aligned
with test set performance).

Figure 4-5: Confusion matrix of the final weighted fusion model on the test set.
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Figure 4-5 presents the confusion matrix of the final weighted fusion model tested

on the Ghana test set. The model achieved high specificity (378/385 non-anemic cor-

rectly classified) and strong sensitivity (225/255 anemic correctly classified), resulting

in a total test accuracy of 94.22%. These results confirm the model’s robustness and

practical suitability for deployment in low-resource environments, where reliable non-

invasive anemia screening is essential

4.4 Explainability with SHAP

SHAP (SHapley Additive Explanations) was used to interpret the output of the XG-

Boost classifiers. For each modality, the top 10 most influential features were ex-

tracted and visualized.

The plots Figure 4-6 identify which CNN-derived features most influenced the

XGBoost classifier, supporting interpretability and clinical insight. SHAP interpreta-

tions reveal that features derived from finger creases in palm images, color variation

in conjunctiva, and nail curvature influenced the classifier’s decisions.

These visual explanations match domain knowledge and highlight the trustwor-

thiness of the model.While SHAP assigns importance to high-dimensional CNN em-

beddings, the model’s behavior can be better understood when combined with visual

evidence from Grad-CAM. For palm images, high SHAP values likely correspond

to vascular patterns and skin fold regions — areas typically associated with clini-

cal pallor. In fingernail images, important features appear to be influenced by nail

bed contour and brightness, aligning with expected discoloration patterns. The con-

junctiva modality, however, showed less consistent SHAP attribution, possibly due

to segmentation uncertainty or weaker texture signals. These connections strengthen

the trust in the model’s reliance on relevant anatomical features.
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Figure 4-6: SHAP visual explanations for conjunctiva, fingernail, and palm modali-
ties.
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4.5 Explainability with Grad-CAM

To enhance the interpretability of the CNN predictions, Grad-CAM (Gradient-weighted

Class Activation Mapping) was employed across all three modalities—palm, conjunc-

tiva, and fingernail. This technique generates heatmaps that reveal which spatial

regions of an input image most influenced the model’s decision. It does so by com-

puting the gradients of the target class with respect to the final convolutional layer

of the CNN, effectively highlighting important areas.

Figure 4-7 presents example Grad-CAM visualizations for each modality. Each

row shows the original image, the heatmap, and the overlaid attention map along

with the predicted class probability. These examples demonstrate that CNNs attend

to clinically relevant regions like nail beds and palmar creases during decision-making.

Palm images exhibited strong and diffuse activations across vascular regions,

with heatmaps focused on textured skin folds—regions commonly used in clinical

assessments of pallor. The prediction was made with 99.0% confidence, showing

strong model certainty.

Fingernail images demonstrated confident focus over the entire nail bed, a

key area for assessing anemia-related discoloration. The model showed 100% confi-

dence for this non-anemic case, and the attention was well aligned with the expected

anatomical region.

Conjunctiva images, however, showed more localized and uncertain attention,

with low confidence (34.7%) in predicting an anemic case. The heatmap was nar-

row and focused on a small segment, which may indicate difficulty in generalizing

conjunctival features due to low contrast or segmentation limitations.

To assess the alignment between model attention and biological relevance, quan-

titative evaluation was conducted using three interpretability metrics:

• Intersection over Union (IoU): Measures the overlap between the Grad-

CAM heatmap and the manually annotated ROI mask.

• Confidence Drop: Difference in model confidence when the heatmap region

is masked out. A larger drop indicates higher dependence on the highlighted
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Figure 4-7: Grad-CAM visualizations for 3 modalities.
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region.

• Attention Shift: Average pixel distance between the Grad-CAM heatmap

centroid and the center of the ROI mask.

Modality IoU Confidence Drop Attention Shift (px)
Palm 0.1871 -0.0045 32.22
Conjunctiva 0.0118 0.0045 N/A
Fingernail 0.0250 0.0031 45.00

Table 4.3: Grad-CAM interpretability metrics per modality (average over 10 test
samples)

The palm modality achieved the highest IoU score, indicating strong spatial agree-

ment between Grad-CAM and the biologically relevant ROI. Additionally, the near-

zero confidence drop for palm (-0.0045) suggests model robustness, as predictions

remained stable even when the attention region was masked.Despite effective atten-

tion alignment in palm and fingernail modalities, the conjunctiva model showed weak

localization performance, as indicated by a very low IoU (0.0118). This suggests

the CNN struggled to focus on medically meaningful regions in the eye, possibly

due to low contrast, inconsistent ROI extraction, or lack of texture diversity in the

conjunctiva dataset. This highlights the need for stronger segmentation models or

higher-quality conjunctival image data in future work.

Overall, these results indicate that the CNN models are learning to focus on

modality-specific regions that are consistent with medical expectations. The palm

model, in particular, exhibited the most interpretable and stable attention behavior.

Grad-CAM thus reinforces the validity of the model decisions and provides essential

transparency for clinical adoption.

4.6 Ablation Studies

To better understand the contribution of each design decision, this chapter presents

three targeted ablation studies. These experiments focus on (1) fusion strategy de-

sign,(2) CNN backbone selection and Agnostic Inference Evaluation (3) as they were

44



central to the iterative development and optimization of the proposed anemia detec-

tion model.

4.6.1 Fusion Strategy

Three fusion strategies were tested to determine the most effective method for com-

bining modality-specific predictions. As shown in Table 4.4, weighted fusion using

XGBoost outperformed both early concatenation and multi-modal CNN fusion. Each

configuration used the same CNN feature extractors, altering only the method of com-

bining outputs.

Method Fusion Type Accuracy AUC F1 (Anemic) F1 (Non-Anemic)
Baseline Early Fusion (Concat) 89.75% 0.9410 0.87 0.91
Ablation 1 Multi-Modal CNN Fusion 91.83% 0.9574 0.90 0.93
Proposed Weighted Fusion (XGBoost) 94.22% 0.9918 0.92 0.95

Table 4.4: Ablation study of fusion strategies: Comparison of performance using
different fusion methods.

Weighted fusion demonstrated significantly better generalization due to its mod-

ular architecture and ability to handle modality-specific classifier strengths. It also

enabled interpretability through SHAP and robustness under agnostic input condi-

tions.

4.6.2 CNN Backbone Selection

Each modality was evaluated using multiple CNN architectures to determine the

best-performing model per anatomical region. DenseNet121 consistently yielded su-

perior results for palm and fingernail images due to its deeper, feature-reuse-friendly

architecture. For conjunctiva, ResNet50 with a Squeeze-and-Excitation (SE) block

performed better than alternatives. Table 4.5 summarizes the backbone comparison

by modality.
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Modality CNN Backbone Accuracy AUC Notes
Palm DenseNet121 95.47% 0.9868 Best overall performance among palm CNNs
Palm EfficientNetB0 93.28% 0.97 Slightly weaker than DenseNet121
Conjunctiva ResNet50 + SE 88.12% 0.9187 SE attention improved representation
Conjunctiva ResNet50 (no SE) 85.11% 0.91 Lower generalization, weak region focus
Fingernail DenseNet121 + Spatial Attention 90.16% 0.9798 Spatial cues improved small ROI feature extraction
Fingernail EfficientNetB0 87.19% 0.975 Weaker performance on noisy background

Table 4.5: Comparison of CNN backbones per modality with accuracy, AUC, and
architectural observations.

4.6.3 Agnostic Inference Evaluation

To test the model’s robustness in real-world deployment scenarios, inference was

performed with different combinations of available modalities. Table 4.6 summarizes

the accuracy and AUC values under each modality combination.

Modalities Accuracy ROC-AUC
Palm only 0.9301 0.9852
Conjunctiva only 0.8120 0.8903
Fingernail only 0.8250 0.9617
Palm + Conjunctiva 0.9485 0.9874
Palm + Fingernail 0.9441 0.9896
Conjunctiva + Fingernail 0.8653 0.9522
All (3 modalities) 0.9422 0.9918

Table 4.6: Agnostic modality combinations and their classification performance

The model demonstrated high performance even with one or two modalities miss-

ing, confirming its agnostic design capability and real-world deployment readiness.

4.7 Segmentation Model Training and Evaluation

To support real-world deployment, segmentation models were trained using Roboflow

for each modality using YOLOv8 object detection pipelines. Performance was evalu-

ated using mean Average Precision (mAP), precision, and recall metrics.
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Figure 4-8: Training performance (mAP and loss curves) for palm, conjunctiva, and

fingernail segmentation models.

Modality mAP@50 Precision Recall
Palm 99.5% 100% 99.9%
Conjunctiva 91.4% 86.6% 86.4%
Fingernail 99.5% 99.4% 100%

Table 4.7: Roboflow segmentation performance metrics: mAP@50, precision, and
recall per modality.

Table 4.7 summarizes the segmentation model performance across all three modal-

ities, reporting mAP@50, precision, and recall as computed by the Roboflow train-

ing pipeline. The palm segmentation model achieved the highest performance with

mAP@50 of 99.5%, precision of 100%, and recall of 99.9%. The fingernail model

also performed strongly (mAP@50 = 99.5%), while the conjunctiva segmentation

was comparatively weaker with mAP@50 of 91.4% and lower recall. These findings

explain the reduced localization confidence in the conjunctiva CNN model observed

in Grad-CAM analysis.
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4.8 Semi-Supervised Learning Results

To improve model generalization and utilize additional unlabeled data, a semi-supervised

learning pipeline was implemented using confidence-filtered pseudo-labeling. This sec-

tion presents the outcomes of each major step described in the methodology.

4.8.1 Confidence Estimation on Labeled Test Set

To define thresholds for pseudo-labeling, we computed average predicted probabilities

(confidence scores) from CNN classifiers on the labeled Ghana test set. For each

modality, we calculated the mean confidence for both classes and their standard

deviation. These results are shown in Table 4.8.

Modality Avg Confidence Anemic Avg Non-Anemic Avg Std Dev
Palm 0.9622 0.9561 0.9715 0.0899
Conjunctiva 0.7497 0.7264 0.7846 0.1473
Fingernail 0.9709 0.9751 0.9646 0.0823

Table 4.8: Confidence statistics of CNN predictions for each modality on the Ghana
test set

Figure 4-9 visualizes these confidence distributions, reinforcing that palm and fin-

gernail models produce high-confidence predictions, while conjunctiva exhibits more

variability.

Figure 4-9: Average model confidence on labeled test data, by modality and class.
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Based on these findings, modality-specific confidence thresholds were defined to

filter pseudo-labels: 0.9 for palm and fingernail, and 0.7 for conjunctiva. These thresh-

olds were selected to maximize precision and minimize noisy pseudo-label propaga-

tion.

4.8.2 Pseudo-Label Generation and Merging

Using pretrained CNNs, unlabeled external images were passed through the model,

and predictions above the defined confidence thresholds were retained. The number

of accepted pseudo-labels per modality was:

Modality Total Unlabeled Images Pseudo-Labeled (Retained) Confidence Threshold
Palm 499 246 ≥ 0.9
Fingernail 220 167 ≥ 0.9
Conjunctiva 149 30 ≥ 0.7

Table 4.9: Summary of pseudo-labeled samples retained after confidence filtering.

As summarized in Table 4.9, the number of retained pseudo-labeled samples varied

by modality, depending on the selected confidence thresholds.

The confident pseudo-labeled samples were merged with 50% of the original la-

beled data to create a hybrid training set. This enriched dataset was used for retrain-

ing each modality-specific CNN from scratch.

4.8.3 Retraining CNNs on Merged Dataset

After retraining on the merged dataset, all models showed improved validation AUC,

particularly for conjunctiva, which previously had the weakest performance. Ta-

Modality Best Val AUC Val Accuracy Final Loss Epoch
Palm 0.9738 91.65% 0.2040 16
Conjunctiva 0.8953 83.10% 0.1527 20
Fingernail 0.9619 92.02% 0.2450 15

Table 4.10: CNN validation performance after semi-supervised retraining.
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ble 4.10 summarizes these results.

4.9 Real-World Testing on Unseen Dataset

To evaluate the model’s ability to generalize beyond the training distribution, both

the Main Model (trained only on the Ghana dataset) and the Semi-Supervised Model

(retrained using pseudo-labeled real-world images) were tested on a manually collected

dataset of 30 real-world samples. This dataset contains 16 non-anemic and 14 anemic

cases, simulating a realistic distribution for practical screening applications.

4.9.1 Evaluation Metrics and Confusion Matrices

Table 4.11 presents key evaluation metrics for both models. While both models

achieved relatively strong performance, the Semi-Supervised Model demonstrated

improved recall and F1-score, indicating enhanced sensitivity to anemic cases—an

essential trait for minimizing false negatives in clinical settings. The Main Model

showed higher precision but was more prone to missing anemic predictions.

Model Accuracy Precision Recall F1-Score AUC
Main Model (Ghana) 80.0% 90.0% 64.3% 75.0% 0.84
Semi-Supervised Model 83.3% 84.6% 78.6% 81.5% 0.89

Table 4.11: Performance metrics on manually collected real-world dataset (30 sam-
ples).

Figure 4-10: Confusion matrices: Left – Main Model; Right – Semi-Supervised Model.
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Figure 4-10 shows the confusion matrices. The Semi-Supervised Model reduced

false negatives compared to the baseline model, while maintaining balanced precision

and recall. This supports the benefit of incorporating domain-shifted pseudo-labeled

samples during retraining.

4.9.2 Qualitative Example

Modality Raw Image ROI Image Prediction

Palm Anemic

Conjunctiva Anemic

Fingernail Anemic
Final Fusion – – Anemic

Table 4.12: Prediction on a real-world image: All modalities agreed with the ground
truth.

A representative real-world test image was selected per modality. These were

segmented, preprocessed, and passed through the models. The final fusion output

matched the ground truth label, as shown in Table 4.12.

4.9.3 Discussion

This real-world evaluation demonstrates the effectiveness of the semi-supervised model

in reducing false negatives and improving overall performance under domain shift.

Compared to the baseline model trained only on the Ghana dataset, the semi-supervised
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model achieved higher accuracy (83.3% vs. 80.0%), recall (78.6% vs. 64.3%), and

F1-score (81.5% vs. 75.0%). These improvements are critical in clinical screening,

where identifying anemic cases accurately is a top priority.

The observed performance gains can be attributed to the inclusion of pseudo-

labeled real-world samples, which expanded the diversity of training data and helped

the model adapt to new conditions. This supports the conclusion that confident

pseudo-labeling combined with retraining enhances model robustness, especially in

low-resource environments where manually labeled data is scarce.

Overall, the proposed semi-supervised framework demonstrates practical readiness

for deployment in real-world healthcare applications, showing resilience to domain

shifts and improved generalization beyond curated datasets.
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Chapter 5

Conclusion

This thesis presented a non-invasive, explainable, and multimodal deep learning

framework for early anemia detection using images of the palm, conjunctiva, and fin-

gernail. The proposed system combines CNN-based feature extraction with modality-

specific attention mechanisms and a weighted late fusion strategy using XGBoost.

To enhance model transparency, explainable AI techniques such as SHAP and Grad-

CAM were integrated, and agnostic input handling was introduced to support infer-

ence with any subset of the three modalities.

Experimental results confirmed the effectiveness of the approach. Among single-

modality CNN classifiers, the palm model achieved the highest validation perfor-

mance, with a test accuracy of 97.0% and AUC of 0.997. The proposed weighted

fusion method outperformed both early and attention-based fusion strategies, reach-

ing 94.22% accuracy and 0.9918 AUC on the balanced Ghana test set. SHAP and

Grad-CAM analyses validated the model’s focus on clinically relevant regions, espe-

cially for palm and fingernail inputs. Additionally, agnostic evaluation demonstrated

that robust predictions were possible even when one or more modalities were missing,

achieving over 93% accuracy in two-modality configurations.

A major contribution of this study is the implementation of a semi-supervised

self-training strategy that leverages confident pseudo-labeled images from external

datasets. This approach enabled retraining of CNNs on a merged dataset, improving

the model’s robustness under domain shift. On a manually collected real-world test
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set of 30 samples, the semi-supervised model achieved 83.3% accuracy and 81.5%

F1-score, outperforming the baseline model (80.0% accuracy, 75.0% F1-score) by

improving sensitivity to anemic cases while maintaining strong precision.

The three key contributions of this research are: (1) a modality-agnostic, late-

fusion pipeline for anemia prediction across palm, conjunctiva, and fingernail images;

(2) the integration of SHAP and Grad-CAM to enable interpretable and clinically

meaningful predictions; (3) a confidence-filtered semi-supervised learning framework

for enhancing model generalization on unlabeled real-world data.

One limitation of this work is the synthetic nature of the multimodal fusion—since

palm, conjunctiva, and fingernail images were not collected from the same individuals,

fusion was performed by combining the i-th image from each modality. Although this

preserves statistical balance for evaluation, future work should explore person-aligned

datasets to better reflect deployment conditions.

Ultimately, this research demonstrates a scalable and explainable AI-based solu-

tion for non-invasive anemia screening, suitable for deployment in low-resource set-

tings and adaptable for mobile health platforms. Future directions include expanding

to larger, demographically diverse datasets, investigating active learning strategies

for efficient annotation, and validating performance in clinical field trials.
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