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However, malaria-induced anemia (MIA) still persists to be one of the
global health challenges with many cases of illness and fatalities mainly in
pregnant women and children. Diagnosis of malaria and associated
hematologic diseases such as anemia is traditionally carried out through
examination of blood smear. However, such techniques require expertise,
take long periods, and there are high chances of inter-observer variability.
Here, an automatic system based on deep learning for detection of
Plasmodium parasite and estimation of anemia is introduced. The proposed
system uses convolutional neural network (CNN) branch for image analysis
and multi-layer perceptron (MLP) branch for analyzing clinical data, thereby
using their combination in multi-label classification. The advantage of such
technique is the capability of the model to diagnose complex hematological
signs and give probabilistic scores. This system was found to be accurate,
precise and reliable.
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1. INTRODUCTION

Malaria is a potentially fatal infectious disease. In 2023, there were an estimated 263 million malaria
cases and 597,000 deaths globally, with 95% of deaths occurring in the World Health Organization (WHO)
African Region [1]. Malaria can progress to anaemia if not treated early. Malaria-induced anemia (MIA)
arises when Plasmodium parasites rupture red blood cells (RBC), triggering a fall in hemoglobin that is
particularly life-threatening in children under five and pregnant women [1].

MIA contributes substantially to the high prevalence of severe anemia cases among children less
than five years old in endemic areas [2]. Even though it is clear that Plasmodium causes anemia through the
scientific causal relationship between them, their diagnoses occur separately by relying on laboratory tests
that use separate pieces of equipment and have different referral chains [3]. Most of the automated diagnostic
solutions in the contemporary literature continue this trend, focusing their efforts on either detecting parasites
from microscopy images [4] or identifying anemia using blood parameters [5]. Such fragmentation becomes
a significant challenge, especially in resource-constrained regions where patients may be unable to fulfill the
follow-ups [6]. In order to overcome this challenge, this research focuses on developing multi-modal deep
learning framework that will be able to perform both classification of active malaria and anemia caused by
the disease in a single step.

Quick and accurate diagnosis is crucial for proper treatment. As it stands, malaria and other blood
disorders, including anemia, are usually detected by manually examining Giemsa-stained peripheral blood
smears under a light microscope. This method works, but has quite a few disadvantages; it is time consuming
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and requires skilled parasitologists who are often not readily available in regions where malaria is common,
better yet in Africa. As a result, there is a strong need for automated systems to support blood analysis [7].
The main difference in this system compared to previously developed multimodal diagnostic frameworks is
not in using multiple modalities but in the type of interdependence between the classification tasks.
In previous multimodal systems in medical artificial intelligence (Al), modality fusion techniques have been
used to enhance detection of a single pathologic condition by incorporating various information sources. For
instance, one could combine genomic and image features to detect a specific cancer subtype. In the suggested
approach, there are no two isolated diseases that are classified independently. On the contrary, anemia is
viewed as the secondary result of the destruction of RBC by Plasmodium. This causative link makes the
current work stand out and become unique, which means that it is the primary innovation of the project that
enables analyzing both a causative factor and a hematological effect at once. That is why the architecture has
been developed in such a way that the two tasks would be processed simultaneously, i.e., both visual and
hematological manifestations of erythrocyte damage by parasites would be encoded in parallel.

Deep learning has shown great capability, especially with medical images. It can also be modified to
use not only medical images but also tabular clinical data simultaneously. Recent studies have created models
that focus on single independent tasks like detecting malaria [5] or identifying anemia [6]. However, there is
still a need for systems that tackle pairwise detection in this particular case, malaria-induced anaemia, while
using different types of patient data. This project aims to fill that gap by developing a deep learning model
that combines clinical tabular data and blood smear images to estimate the chances anemia from the existence
of malaria. This offers a more complete blood analysis.

2. RELATED WORK

Whereas noninvasive conjunctival pallor image analysis was studied for screening anemia, this area
falls outside the scope of this study that specifically targets the diagnosis of anemia due to malaria infection,
which necessitates the use of blood smear images in conjunction with complete blood counts (CBCs).

2.1. Deep learning for malaria detection

Machine learning has been applied to haematological diagnostics, leading to the use of deep
learning architectures. Kassim et al. [7] examined automated diagnostic techniques and showed that machine
learning and deep learning have become highly effective in identifying malaria parasites. Fuhad et al. [5]
further showed that customised convolutional neural networks (CNNs), combined with data augmentation,
significantly improve the autonomous detection of Plasmodium parasites, hence reducing human error and
fatigue. The review pointed out that the models can handle data faster, yet they have not been able to
generalise between various clinical databases and staining procedures. Acevedo et al. [8] focused on transfer
learning and an ensemble model to classify blood cells and thus minimise the number of false positive
predictions. Bibin et al. [9] implemented sophisticated CNNs for cellular images to increase the speed of the
malaria diagnostic process. To mitigate morphological differences in the clinical setting, Raja et al. [10]
proposed a Swin-Siamese hybrid model.

The automated detection of malaria has significantly advanced. Transfer learning approaches
utilizing pretrained architectures such as residual network-50 (ResNet-50), visual geometry group-16
(VGG-16), and DenseNet have further demonstrated the value of leveraging ImageNet-derived feature
representations for malaria classification, particularly in data-scarce clinical settings [11]. In addition to
providing more evidence of the usefulness of transfer learning in diagnosing malaria, Magsood et al. [12]
showed that deep CNN maodels trained using images of thin blood smears were capable of accurate parasite
detection even when trained under restrictive annotated data. Recently, Laghari et al. [13] compared eight
pre-trained CNN models, namely ResNet-50, ResNet-101, and Xception among others, to classify cells into
malaria parasites, confirming the superiority of ensemble transfer learning over individual transfer learning
models based on precision and recall balance. Silka et al. [14] further demonstrated high accuracy in malaria
detection using advanced deep convolutional architectures, achieving 99.68% accuracy on standard
benchmark datasets.

2.2. Automated anemia screening

Lone et al. [6] created a deep learning system using CNNSs to extract features from microscopic
blood smear images, hence successfully detecting indicators of anemia. Gil et al. [2] similarly utilised deep
learning CNNs to classify the severity of RBC deformers. That demonstrated that deep learning can be
a reliable alternative to manual screening. Sajith et al. [15] incorporated explainable Al (XAl) to highlight
the specific feature abnormalities in cells responsible for anemia diagnosis using CNN. Navya et al. [16]
engaged deep learning. In addition to the use of blood smears, Shahzad et al. [17] devised an ingenious
model of a three-layered deep neural network which could detect and classify the grade of anaemia based on
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peripheral blood smear images, thereby validating the ability of hierarchically designed CNNs to recognize
even minute differences between the various types of anaemia in terms of morphology. In addition to
exploring automated methods of diagnosing anaemia through non-invasive techniques other than blood tests,
Mannino et al. [18] applied machine learning/deep learning algorithms for conjunctival image analysis.
Furthermore, Ramzan et al. [19] proposed an innovative approach based on multimodal integration of
electronic health record (EHR) and conjunctival images for anemia detection, while Ramzan et al. [20]
provided evidence for the efficacy of integrative machine learning with attention.

2.3. Multimodal fusion for clinical decision support

Research has been motivated by diagnostic limitations of single-modality systems that have been
used in the past. This has set a new path to look into multi-modal fusion approaches to combine
heterogeneous data streams. The necessity of multiplexed disease detection architectures that are capable of
evaluating multiple hematological conditions from a single blood specimen was explored by
Rajaraman et al. [4] though it was restricted to visual data only. Teoh et al. [3] reviewed multimodal fusion
techniques and documented that intermediate, late fusion strategies specifically feature concatenation
consistently outperform early fusion for both structured and unstructured data across different medical
conditions. This finding is also supported by Stahlschmidt et al. [21] who conducted an extensive survey on
multimodal deep learning for biomedical data fusion, which revealed that feature concatenation approaches
were found to always outperform earlier and later fusion approaches in fusing structured data with
unstructured images. Cui et al. [22] further reinforced these findings across disease diagnosis and prognosis
applications.

There are three primary types of multimodal fusion approaches in multimodal learning; namely,
early fusion (concatenation at the input level), intermediate fusion (concatenation of independent modalities
at the feature level), and late fusion (combination of independently made decisions). Early fusion destroys the
unique structure of each modality before performing encoding, which poses a disadvantage if high
dimensional image vectors are concatenated with low-dimensional tabular vectors. Though late fusion does
not compromise modality independence, it makes the classifier head unable to learn the interdependencies
between the modalities. Feature-level concatenation approach, used in this paper, is the best trade-off
between the two since each modality is separately encoded using its own specialized branch (CNN for image
and multi-layer perceptron (MLP) for table) before being concatenated and classified by the shared head.
This strategy can be directly related to the results found in [5], [21].

As far as an information and communication technology (ICT) infrastructure for implementation
goes, the aforementioned multimodal architecture would be suitable for integration into cloud laboratory
information systems. The lightweight MLP subnetwork would analyze structured data from CBC test results
available through EHRs, and the CNN image subnetwork could process digitized blood smear images
obtained using inexpensive microscope attachments for smartphones. Hence, such an architecture would be
compatible with point-of-care (POC) and mHealth deployment strategies, which would be relevant to the
journal’s focus on ICT applications and distributed healthcare systems.

2.4. Data scarcity, generative augmentation, and federated learning

In this case, the augmentation method applied involved standard geometry and photometry
manipulations such as horizontal flips, random rotations between 15 degrees, and contrast adjustment.
In spite of the fact that, according to generation augmentation with generative adversarial networks (GANS),
such as CycleGAN and conditional GAN models trained on blood smear images, proves efficient in
increasing the volume of medical images, this method was not applied in the current experiment because of
the extra computation costs necessary for the stable training of GANs on a small dataset source and possible
artifacts that do not correspond to actual variations. GANs-based augmentation is seen as a priority research
avenue for the future.

Class imbalance and the scarcity of annotated training data are a constant challenge in deep learning.
Perez et al. [23] demonstrated the utility of GAN in synthesizing blood smear images in order to improve
classification accuracy for anemia subtypes that are underrepresented. There are privacy constraints that
hinder cross institutional data sharing and this has been mitigated by federated learning (FL). ResNet-
50/DenseNet framework for distributed malaria image detection across multiple sites was implemented by
Kareem et al. [24]. It achieved 90% accuracy without raw data exchange. This work highlights the practical
scalability as an extension of the proposed multimodal architecture for facilitation across healthcare networks
in the resource-limited endemic regions. Moreover, scalability is supported further by the findings of
Ramos-Bricefio et al. [25] who found that employing differential privacy methods within FL results in robust
classification of medical images without sacrificing patient confidentiality an insight directly applicable to
implementation across institutions for the proposed multimodal framework in malaria-endemic regions.
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3. METHOD
3.1. Dataset description

The dataset that is being used in this esteemed research contains 193 patients. Dataset was sourced
from the National Institutes of Health (NIH) malaria cell image repository, which contains thin blood smear
images from clinical collections. The limitations regarding the use of the NIH dataset, on which this study
was based, should be noted as well. The data in the NIH database were initially gathered for malaria-endemic
populations in Southeast Asia and South America where both Plasmodium falciparum and Plasmodium vivax
are endemic. The use of the NIH dataset for developing algorithms for identifying parasitemia in African
populations highly endemic for malaria poses certain problems as there are differences in stain procedures
and parasite stages. Although it is relatively small compared to the other deep learning experiments, it is still
within the scope of datasets used for similar studies on special imaging databases in medicine [19], [20].
The clinical data comprised of patient demographics like white blood cell (WBC) count and RBC count.
In order to avoid overfitting, several methods were implemented: adding dropout layers with a drop-out of
0.5 after the fully connected layers, using data augmentation on the images part through horizontal flip,
rotations, and changes in brightness, and implementing early stopping according to the validation loss.
A 70%-15%-15% split in the train, validation, and test datasets was conducted such that none of the patients’
data overlap between the splits.

To further validate the model’s robustness beyond a single train k-fold cross validation (k=5) had to
be applied while training. Five equal folds were partitioned among the 193 patients to prevent data leakage.
This ensured that all images belonging to the same patient were within the same fold. Table 1 shows that the
193 patients were allocated randomly according to the 70/15/15 ratio. This meant 135 training patients (675
images), 29 validation patients (145 images), and 29 test patients (145 images).

Table 1. Patient-stratified dataset partitioning for training, validation, and independent testing
Partition  Patients (n) Images (n)  Proportion (%)

Training 135 675 70
Validation 29 145 15
Test 29 145 15
Total 193 965 100

3.2. Preprocessing pipeline
3.2.1. Image preprocessing

The raw input images were standardized to 128x128 resolution in order to satisfy the spatial
resolution requirements of the convolutional backbone while reducing the overhead. To mitigate overfitting
and promote model robustness a detailed data augmentation suite was applied exclusively to the training
dataset. This included random horizontal and vertical flipping (p=0.5), bounded rotational perturbations
(x15°), color adjustments affecting brightness (x20%) and contrast (+15°), and additive Gaussian noise
(6=0.01). These strategies were selected based on recommendations in Fuhad et al. [5]. They simulated
realistic inter-institutional variation in a staining technique and microscope illumination. All pixel values
were normalised to the [0,1] interval.

3.2.2. Clinical metadata preprocessing

Z-score normalisation was done on the continuous features to ensure stable gradient descent
convergence while preventing high magnitude features from dominating the MLP learning process.
Categorical variables (biological sex, symptom classifications) were encoded using one-hot representation.
Missing values present in fewer than 3% of records were imputed using feature-wise median imputation prior
to normalization.

3.3. Model architecture

Deep learning algorithms have advanced significantly in terms of their utility in automatic analysis
of medical images, with CNNs now regarded as the fundamental component in automating diagnostic
processes that are involved in fields such as oncology, haematology, and infection diagnosis [26]-[28].
The ability of CNNs to automatically derive hierarchal features from pixel images, without the need for
manual feature engineering, is one of the characteristics that makes it suitable for the task of diagnosing
peripheral blood malaria [27]. The proposed system architecture implements a cascaded multi-task neural
network comprising two parallel encoding branches whose feature representations are fused prior to
a primary malaria output, which is then explicitly fed into the dependent anemia branch as an additional
conditioning signal. This cascaded design formalises the biological causality between parasitemia and
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erythrocyte destruction: the CNN branch accepts 128x128x3 blood smear images and passes them through
two convolutional blocks (32 filters, then 64 filters, each 3x3 with rectified linear unit (ReLU), and
MaxPool), followed by a Flatten layer and a Dense-64 projection yielding a 64-dimensional visual feature
vector. The MLP branch encodes three clinical features (WBC count, infected RBC count, and uninfected
RBC count) through two dense layers (16 units then 8 units, both RelLU), producing an 8-dimensional
clinical feature vector. The two vectors are concatenated into a 72-dimensional joint representation, which is
passed through a shared Dense-64 layer with ReLU activation and Dropout (0.3) before splitting into the
primary malaria output head (Dense 1, sigmoid). The resulting malaria probability P(malaria) is then
concatenated with the shared representation to form a 65-dimensional cascade input, which feeds the
dependent anemia branch (Dense 32, Dense 1, sigmoid), ensuring that P(anemia) is explicitly conditioned on
P(malaria). The overall architecture of the proposed cascaded multi-task deep learning framework is
illustrated in Figure 1.

Blood smear image Clinical features
128 x 128 x 3 px - normalised WABC - infected RBC - uninfected RBC

Conv block 1 Dense layer 1
32 filters 3x3 - ReLU - MaxPool 16 units - ReLU

Conv block 2 Dense layer 2
64 filters 3x3 - ReLU - MaxPool 8 units - ReLU

Flatten — Dense 64 MLP output
64-dim CNN feature vector 8-dim clinical feature vector

Feature fusion (Concatenate)
72-dim joint representation

Shared representation
Dense 64 - ReLU - Dropout 0.3

Cascade concatenate

shared + P(malaria) — 65-dim

Malaria output branch
Dense 1 - sigmoid - primary task

P(malaria) € 1]
threshold 0.5 — positive/negative

Anaemia output branch
Dense 32 - Dense 1 - sigmoid

IMERECINIEES

conditioned on P(m

Joint diagnostic output

malaria status + anaemia risk profile

Figure 1. Cascaded multi-task deep learning architecture for concurrent malaria and malaria-induced anaemia
classification

Comput Sci Inf Technol, Vol. 7, No. 3, November 2026: 304-313



Comput Sci Inf Technol ISSN: 2722-3221 a 309

3.4. Loss function and optimization

Hematological profiling of MIA requires the sequential prediction of two binary conditions linked
by a causal dependency. Malaria is predicted first as the primary task; its sigmoid output P(malaria) is then
concatenated with the shared representation and passed to the dependent anemia branch, making the anemia
prediction explicitly conditioned on parasitemia status. Both output nodes are optimized using the binary
cross-entropy (BCE) loss function, calculated independently for each label and summed:

L= —[ZL, yilogn) + (1 = 3)log(1 - 9)]

where y; is the ground truth binary label and ¥ is the model’s predicted probability. There are several reasons
why BCE was chosen instead of focal loss. Focal loss is specifically tailored towards handling highly
imbalanced classes, and its main idea is to reduce the impact of correctly classified samples from the majority
class during training. However, there is no extreme imbalance between the malaria-positive class and the
anemia-positive class in this dataset (as confirmed while stratifying the dataset), so the class reweighting
component of focal loss is less useful. Moreover, BCE presents a simpler and more intuitive gradient
landscape, which can be very beneficial since the small dataset of 193 patients does not tolerate an increase
in the sensitivity of the model to hyperparameters, such as the gamma parameter for focal loss. The Adam
optimizer was utilized for its adaptive learning rate properties. Sigmoid activation rather than softmax is
applied to each output neuron independently, permitting co-occurrence of positive predictions.
A classification threshold of 0.5 was established; probabilities>0.5 were classified as positive (1), and
those<0.5 as negative (0). Model training was carried out in Python 3.10 using TensorFlow 2.13/Keras and
trained on VS Code CPU (16 GB RAM). Training was conducted for up to 100 epochs with an early stopping
callback (patience=15 epochs, monitored on validation loss) and a ReduceLROnPlateau scheduler
(factor=0.5; patience=7) to prevent overfitting and optimize convergence dynamics.

4. RESULTS AND DISCUSSION
4.1. Quantitative performance metrics

The system achieved a 96.1% recall rate for malaria detection. Specifically in relation to MIA
identification, recall is the key criterion of algorithm performance in the malaria detection module.
The consequences of missing a malaria diagnosis go beyond failing to detect the disease itself, since a failure
to detect malaria means that any subsequent anemia detection becomes ambiguous from a clinical point of
view, where one cannot determine whether the anemia results from red cell lysis caused by Plasmodium.
Thus, it is justified from a clinical point of view to design an algorithm maximizing recall at the expense of
precision (94.8%). The architecture achieved an anemia classification accuracy of 93.2%, which is slightly
lower than the malaria detection accuracy of 95.4%. This performance differential is clinically expected from
a morphological perspective. The quantitative performance of the proposed multimodal classification model
on the independent test set is summarized in Table 2.

Table 2. Performance metrics of the proposed multimodal classification model on the independent test set
Target condition  Accuracy (%)  Precision (%) Recall (%) Fl1-score (%)

Malaria 95.4 94.8 96.1 95.4
Anemia 93.2 92.5 93.8 93.1
Macro-average 94.3 93.6 94.9 94.2

Plasmodium-infected erythrocytes present distinct intracellular staining patterns that are readily
captured by the image data branch. In contrast, the RBC morphological changes associated with anemia are
comparatively subtler and inherently more variable, making them harder to distinguish in standard peripheral
blood smear images. To determine the robustness of the measures cited above, bootstrap confidence intervals
(CI) at 95% level were determined using 1,000 bootstrap resamples of the test set. Cl obtained are as: malaria
accuracy is 95.4% (Cl 93.1%-97.6%), malaria recall is 96.1% (Cl 94.0%-98.1%), anemia accuracy is 93.2%
(Cl 90.5%-95.8%), and macro F1-score is 94.2% (Cl 91.8%-96.5%). These intervals confirm that the
reported performance is statistically stable and not an artifact of a favorable test partition, supporting the
reliability of the proposed framework across plausible data variations.

4.2. Comparative analysis

To contextualize proposed model performance, Table 3 presents a structured comparison with
closely related state-of-the-art approaches in literature, selected based on methodological similarity and
recency (2022-2025). As can be observed from Table 3, the single-task models of malaria detection show
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slightly better performance on parasite identification only. This, however, cannot be taken as a fair
comparison due to the fact that the single-task model is not bound by the need for classification in addition to
the task and hence uses all of its resources towards identifying parasites alone. On the other hand,
the proposed framework solves two clinically independent but causally related problems, i.e., parasitemia and
subsequent development of anemia. From a medical standpoint, a system capable of detecting both
pathologies in one go will significantly decrease the amount of time spent on diagnostics, will save efforts for
the diagnosis of secondary pathology in the case of positive malaria diagnosis, and will help clinicians obtain
a more comprehensive understanding of a patient’s health condition [22]. Such an integrated approach has
a great advantage especially in developing countries where there are limitations with regards to laboratory
resources and patient follow-through [24]. Hence, the 94.3% macro-average accuracy obtained through this
system can be considered superior to existing methods which perform their analysis using a smaller scope of
diagnosis. This observation is consistent with recent review findings that deep learning has become
increasingly effective in medical image analysis by enabling accurate and reliable diagnostic decision support
across various clinical applications [29].

Table 3. Comparison summary of the proposed model against related deep learning approaches for malaria
and anemia diagnosis

Study Method Task Best accuracy (%) Modality
Silka et al. [14] Custom CNN Malaria 99.68 Image
Ramos-Bricefio et al. [25] Species-ID CNN Malaria 97.1 Image
Ramzan et al. [19] Residual convolutional block attention module Anemia 95.0 Multimodal
(RCBAM)+random forest (RF) fusion
Ramzan et al. [20] Integrative machine learning (ML)+attention Anemia 94.3 Tabular
Kareem et al. [24] Federated ResNet-50 Malaria 90.0 Image (FL)
Proposed model CNN+MLP fusion MIA (multi- 94.3 Multimodal
label)

4.3. Discussion

The malaria detection branch recorded a recall of 96.1% which seemed to be a result that carries
considerable clinical weight. In resource limited environments, a false negative outcome whereby an infected
patient is incorrectly cleared risks delayed treatment and potential fatality. Designing the system to prioritize
recall over precision in this branch therefore reflects a clinically defensible decision that aligns with the
public health guidelines. Comparing modest performance of the anemia branch relative to malaria shows
consistent findings reported the broader of hematological imaging literature. The morphological markers
associated with anemia are inherently more difficult to distinguish in blood smear images than the
intracellular staining patterns mark plasmodium infected erythrocytes. The multimodal design mirrors the
workflow of an expert clinical technician who integrates visual microscopic findings with laboratory results
and patient history. In this study with only 193 patients, the dataset is relatively small. Although we applied
strict stratification and data augmentation to reduce impact, the models’ performance may not hold up across
varied parasite stages, populations or lab protocols. In future work, the most important consideration would
be acquiring a larger data set for better model generalisation and robustness in the clinical setting.
In particular, collecting data from multiple sites within malaria endemic regions, especially in Sub-Saharan
Africa, would enable the creation of a larger, more representative data set reflecting both the wide variety of
morphologies of the Plasmodium infection life cycle, which could also facilitate future FL frameworks for
collaborative medical image analysis while preserving data privacy [30].

For deployment within ICT systems, the suggested model would be feasible for POC applications
within a mobile health (MIAHealth) application. The input clinical data processed by the MLP branch would
be standardised and collected in an EHR, which could then be relayed through mobile networks at lower
bandwidths. The input images fed into the CNN branch could consist of blood smear pictures taken using
smartphone compatible attachments to digital microscopes already in place in some malaria endemic
countries. Deployment of the model using cloud-based inference would enable the model to be hosted
centrally and have a diagnostic service exposed via an accessible application programming interface (API),
allowing facilities without GPU capabilities to access the model.

5. CONCLUSION

This study demonstrates that malaria parasitemia and MIA can be detected simultaneously and
accurately within a single, computationally lightweight deep learning framework. Achieving a macro-average
F1-score of 94.2% and a malaria recall of 96.1% on an independent test set, the proposed CNN-MLP fusion
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model closes a critical diagnostic gap in resource-constrained endemic settings: the need for concurrent,
objective assessment of both a causative infection and its primary hematological consequence from a single
blood specimen and consultation. By encoding the causal dependency between parasitemia and erythrocyte
destruction directly into the architecture rather than treating the two conditions as independent classification
targets the system produces clinically coherent probabilistic outputs that mirror the reasoning of an expert
haematologist. This design principle represents the core scientific contribution of the work and distinguishes
it from prior multimodal and single-task approaches in the literature.

The broader impact of this work lies in its potential to reduce diagnostic delays and fragmentation in
malaria-endemic regions of Sub-Saharan Africa, where co-occurring anemia significantly elevates mortality
risk in children under five and pregnant women. A system capable of producing dual diagnostic outputs from
a single blood smear image and three routine haematological parameters is directly compatible with POC
deployment via smartphone-compatible microscope attachments and low-bandwidth mobile health platforms.
The research team’s immediate next steps are as: first, a prospective multi-site data collection campaign
targeting at least five clinical facilities across Zimbabwe and neighbouring endemic countries will be
conducted to assemble a dataset of no fewer than 1,000 patients, spanning the full Plasmodium falciparum
infection life cycle and encompassing diverse staining protocols and microscope types. Second, the
augmentation pipeline will be extended to incorporate Conditional GAN-based synthesis of under-
represented parasite stages and anemia severities, addressing morphological class imbalance without
introducing non-biological artefacts. Third, the architecture will be adapted for FL deployment using
a differential-privacy framework, enabling cross-institutional model training without raw data exchange
a prerequisite for ethical multi-country collaboration. Fourth, an external clinical validation study will be
designed in partnership with the Ministry of Health to assess the model’s real-world diagnostic performance
and clinician acceptance under field conditions, prior to integration into an existing laboratory information
system and the proposed MIAHealth mobile application.
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