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ABSTRACT: Malaria remains a critical public health issue, predominantly affecting tropical and 

subtropical regions. Traditional diagnostic methods, such as microscopic analysis of blood smears, are time-

intensive, require skilled personnel, and often lack sensitivity, particularly in detecting early-stage 

infections in low-resource settings. The study examines the application of deep-learning algorithms to 

enhance the prediction and diagnosis of malaria. Using visual data from blood smears, various neural 

network architectures, including Convolutional Neural Networks (CNNs), VGG-16, Inception, Xception, 

and DenseNet, were evaluated for their ability to detect malaria cases and analyze their correlation with 

mortality rates across regions. Results demonstrated that CNNs outperformed other models in accuracy and 

reliability, highlighting the potential of deep learning to improve early diagnosis and treatment. Integrating 

deep learning with image-based analysis offers a rapid, accessible, and precise diagnostic tool suitable for 

resource-constrained settings. These findings emphasize the transformative potential of advanced machine 

learning techniques in malaria control, enabling timely interventions and improved patient outcomes. The 

research advocates for incorporating deep learning models into public health systems. It encourages further 

studies to optimize these technologies and extend their use to other infectious diseases. 
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I. INTRODUCTION 

The parasite disease malaria, spread by mosquito bites, is still a serious threat to public health, especially 

in tropical and subtropical areas. This illness primarily affects underdeveloped nations, heavily straining 

public health systems and financial institutions (Sangamithra & Vishnu, 2021). The World Health 

Organization (WHO, 2022) reported that there were an estimated 233 million cases of the disease 

worldwide in 2022 and that 580,000 people died from it (Beck et al., 2021; Kim & Yeniova, 2022). Malaria 

attacks these areas in multiple ways, endangering not just human lives but also economies and healthcare 

systems. These are not just statistics. Developing nations bear a disproportionate share of this burden, as 

they are home to vulnerable populations like pregnant women and children under five. Despite significant 

attempts to control the condition, effective intervention is impeded by ongoing difficulty in   prompt 

detection and prediction. Within malaria-endemic regions, specific populations bear the brunt of the 

disease's impact. Children under five, mainly those aged 6 months to 59 months, are at heightened risk due 

to their developing immune systems and increased susceptibility to severe complications (Noorani et al., 

2020; Yang et al., 2021). Due to their heightened immunological response and elevated red blood cell 

count, pregnant women are particularly susceptible to malaria infection, which could result in unfavorable 

pregnancy outcomes like low birth weight (Alvarez et al., 2005), early birth, or miscarriage (Kapisi et al., 

2017). Moreover, severe malaria and its complications are more common among those with weakened 
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immune systems, such as those who have HIV/AIDS  (Organización Mundial de la Salud (OMS) & 

Friederike Otto; Ben Clarke, 2023). The geographical distribution of malaria paints a stark picture of its 

global reach. The parasite thrives in warm, humid environments, making sub-Saharan Africa the epicenter 

of the disease, account for a total 94% of global cases, and 95% of deaths in 2022(Alade, 2022). However, 

the mosquito vectors responsible for transmission also extend their reach to Southeast Asia, South America, 

and parts of the Middle East, impacting millions worldwide (Nebbak et al., 2022). This geographic spread 

underscore the need for global collaboration and adaptable solutions to combat malaria effectively. 

Traditional malaria diagnosis relies on clinical symptoms and microscopic examination of blood smears. 

However, these methods can be time-consuming, require skilled personnel, and lack sensitivity in early 

stages or low-resource settings. This hinders timely and effective interventions, jeopardizing patient 

health.  Current standard malaria diagnosis relies on clinical symptoms and microscopic examination of 

blood smears. However, the method has limitations that can lead to misdiagnosis and delayed treatment, 

highlighting the need for more accurate and rapid diagnostic tools (Gois et al., 2023; Wang & Feng, 2023) 

The current shortcomings in malaria diagnosis present a significant obstacle to prompt and efficient 

therapy of the illness, which exacerbates the dynamics of transmission and raises mortality rates, 

particularly in low-income nations. The existing diagnostic methodologies, often reliant on traditional 

approaches such as microscopic examination of blood smears, encounter significant shortcomings in terms 

of sensitivity, specificity, and turnaround time (Maturana et al., 2022; S. & A.C., 2020). These limitations 

impede the fast identification of malaria cases, hindering the timely implementation of crucial 

interventions. In many developing countries, where the burden of malaria is disproportionately high, the 

inadequacies in diagnosis further worsen the challenges of disease control (Wambani & Okoth, 2022). 

Delayed or inaccurate diagnosis not only allows for the unchecked spread of the malaria parasite within 

communities but also compromises the effectiveness of treatment regimens (Makanjuola & Taylor-

Robinson, 2020) . Delays in seeking help can have very serious consequences for vulnerable groups, such 

as children and expectant mothers, who are more likely to have severe problems and even death (Flateau 

et al., 2023; Lu et al., 2022). 

Furthermore, the reliance on conventional diagnostic methods contributes to the underreporting and 

misclassification of malaria cases, leading to a skewed representation of the disease burden. This 

underestimation hampers the allocation of resources for effective malaria control. It undermines the 

accuracy of epidemiological data crucial for informed decision-making (Hyde et al., 2021). Conventional 

techniques for diagnosing malaria, like microscopic analysis of blood smears, have long been regarded as 

the gold standard, even with built-in disadvantages (Srivastava et al., 2017). This approach, while reliable, 

is marred by time-consuming processes that impede prompt treatment initiation (Zakai, 2003). The 

emerging image-based analysis utilizing Deep Learning algorithms, a subfield in machine learning, 

presents a promising avenue for malaria diagnosis, offering several notable advantages (Dath et al., 2023; 

Kandula et al., 2023; Siłka et al., 2023). Compared to conventional microscopy, this newly developed 

method promises faster and more objective analyses (Fuhad et al., 2020). Applying deep learning 

algorithms improves accuracy, especially in the circumstances with limited resources where standard 

methods could encounter difficulties (Kaur et al., 2020). The early detection potential inherent in image-

based analysis further improves patient outcomes, addressing a critical aspect of malaria management 

(Vijayalakshmi A & Rajesh Kanna B, 2020). In summary, the shift towards image-based analysis with 

deep learning algorithms represents a promising evolution in malaria diagnosis, overcoming the 

limitations associated with traditional methods. This shift could revolutionize early detection strategies 

and finally improve patient outcomes in the fight against malaria. It also addresses the issues of time and 

accessibility (Vijayalakshmi A & Rajesh Kanna B, 2020). 
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II. RELATED WORKS 

Mahmood et al., (2023) introduced a deep Convolutional Neural Network (CNN) to identify malaria-

infected cells. This model, comprising a three-layered CNN architecture complemented by a two-layered 

dense neural network, stands out due to its ability to capture nuanced and prominent features from input 

data, effectively leveraging the entire spectrum of available information. During the training phase, the 

model was showing to the dataset over 20 epochs, enabling it to discern distinct patterns associated with 

malaria cells. The model's performance was evaluated using the binary cross-entropy loss function and 

accuracy metric. The proposed model yielded significant results, achieving an accuracy rate of 96%. Its 

consistent maintenance of a low loss value was particularly noteworthy, which remained below 0.2 for both 

training and validation datasets. The study by (Kuzhaloli et al., 2023) focused on computer-assisted 

techniques for malaria parasite detection in blood smear images. The research emphasized the utilization 

of image analysis and machine learning methodologies to enhance malaria diagnosis by quantifying 

parasitemia levels in blood slides. The outlined approach comprised various essential stages, including data 

acquisition, image preprocessing, segmentation of red blood cells, extraction and selection of features, and 

image classification. Notably, CNN models were utilized to recognize both Plasmodium parasites and 

erythrocytes in the images. The trained CNN and VGG-19 models demonstrated impressive detection 

capabilities, with VGG-19 achieving a remarkable accuracy of 96% and CNN reaching 94% accuracy. 

These notable accuracy levels highlight the potential of advanced machine learning techniques in 

significantly enhancing the accuracy and efficiency of malaria diagnosis. 

Kundu & Anguraj, (2023) focus on evaluating the efficacy of various machine-learning approaches in 

detecting Plasmodium parasites in blood smear images acquired through conventional microscopy. This 

investigation delves into machine learning, comparing the performance of different algorithms in this 

crucial diagnostic task. The study's results indicate that among the range of machine learning algorithms 

investigated, Random Forest et al. emerged as the top performer, achieving an accuracy of 96.6% and 

demonstrating superior capability in Plasmodium parasite detection. Following closely behind was the 

AdaBoost algorithm, with an accuracy of 96.1%. Seyer Cagatan et al., (2023) utilized peripheral blood 

smears to explore deep-learning frameworks for malaria parasite detection. They aimed to develop a precise 

deep-learning model, determine the optimal blood smear type, and compare their model's performance with 

other transfer-learning methodologies. The proposed convolutional neural network achieved impressive 

accuracy, precision, and sensitivity rates of 96.97%, 97.00%, and 97.00%, respectively, on employing thick 

smears. This study highlights the position of selecting the appropriate smear type to enhance accuracy and 

expedite detection in malaria-endemic regions. Madhu et al., (2021) introduced an automated diagnostic 

model utilizing deep Siamese capsule arrays to detect and classify malaria parasites. When tested on the 

largest sample (test = 40%), the model achieved 96.61% and 98% accuracy, respectively. Madhu et al., 

(2022) proposed AI-based diagnostic model for one-shot detection and classification of malaria from thin 

blood smears using a Deep Siamese Capsule Network (D-SCN). Experimental results show the model 

achieved 97.24% detection accuracy and 98.89% classification accuracy, marking the first known 

application of D-SCN for malaria diagnosis with state-of-the-art performance. 

Poojary & Sumithra, (2022) investigated various deep-learning models for malaria infection detection, 

including CNN, transfer learning, CNN-KNN (Convolution Neural Network – K-Nearest Neighbour), and 

vision transformer networks. The study employed estimation metric include precision, recall, F1 score, and 

accuracy to evaluate the performance of these models. The study also integrated data augmentation 

techniques such as standardization, brightness adjustment, rotation, flip, and shifts to improve the accuracy 

of the models. Notably, the CNN model, particularly when combined with transfer learning using the pre-

trained VGG-19 model, outperformed the CNN-KNN model, achieving an impressive accuracy rate of 

96%. It is worth mentioning that the performance of the CNN-KNN model deteriorated when applied to 

large datasets due to the significant memory and processing demands associated with the K-Nearest 

Neighbour (KNN) classifier. Yadav et al., (2021) utilized clinical data to study machine learning-based 

malaria prediction. Their research aimed to investigate and validate the efficacy of multiple machine-

learning algorithms in predicting malaria based on clinical signs and symptoms. The study examined two 
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Senegal databases of malaria patients. The findings demonstrated that Random Forest, Support Vector 

Machine with Gaussian Kernel, and artificial neural networks produced promising and accurate results. 

These algorithms outperformed the Rapid Diagnostic Test on both datasets, achieving accuracy, recall, and 

F1 scores of at least 92%, 85%, and 89%, respectively. Yadav et al. illustrated in their study that machine 

learning algorithms consistently detect the presence or absence of malaria based on medical information. 

In their study, (Hasan Sifat & Islam, 2020) introduced a fully automated system to identify malaria parasites 

and their developmental stages in blood smear images. The research utilized a U-Net model to accurately 

segment red blood cells (RBCs) within the images, achieving a notable segmentation accuracy of 97.67% 

and a specificity of 92.05% for the identification of infected RBCs, a convolutional neural network (CNN) 

model was employed, achieving a detection accuracy of 100% alongside a specificity of 95%. Additionally, 

the Visual Geometry Group - 16 (VGG16) model was utilized to recognize various malaria parasite types 

and stages, resulting in an average accuracy of 95.55% and a specificity of 94.75% for species classification, 

and 96.25% accuracy and 94.82% specificity for ring stage identification. However, the study solely 

focused on infected cells. (Vijayalakshmi A & Rajesh Kanna B, 2020) utilized a pretrained VGG-19 

network, wherein the upper layers were immobilized, and the final layers were substituted with a support 

vector machine (SVM) as a specific learning model. Numerous image processing and machine learning 

(ML) techniques were applied for malaria diagnosis using spatial characteristics extracted from microscopic 

images. They introduced a novel deep neural network model using transfer learning to detect infected 

malaria parasites. This approach yielded a classification accuracy of 93.1% in identifying images of infected 

malaria parasites. The utilization of transfer learning in medical diagnostics demonstrated significant 

effectiveness, as evidenced by the results obtained by the authors. 

 

III. METHODOLOGY  

The model's design and development procedure will include issue formulation, data collecting, 

preprocessing, architecture selection, transfer learning, training, assessment, deployment, and continual 

improvement. The key processes will be to acquire malaria microscopy images from Kaggle, prepare data, 

select appropriate deep learning architectures (using transfer learning), train the model, evaluate its 

performance, deploy it for real-world application, and iteratively optimize it based on feedback. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Architectural Diagram 
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DATA COLLECTION 

During the data collection phase, relevant datasets for malaria outbreak prediction were sourced 

from credible platforms (Imran Razzak, Muhammad, and Saeeda Naz, 2017). These include a medical 

research database from Kaggle: https://www.kaggle.com/code/meetnagadia/malaria-detection-

using-vgg19, which hosts repositories from research institutes and public health organizations 

containing blood smear images and other diagnostic data (see Figure 4.2a). Additionally, 

meteorological agencies will provide climate variables like temperature, humidity, and rainfall—

key environmental factors influencing malaria transmission. Lastly, census data archives were 

explored to obtain demographic insights, including population density, age distribution, and 

socioeconomic indicators. These statistics help identify vulnerable groups and assess the broader 

epidemiological landscape, enhancing the accuracy of outbreak predictions. 

 

 

 

 

 

 

 

 

 

 

Figure 2: Malaria Image Dataset 

DATA PREPROCESSING 
This research applies necessary preprocessing steps for malaria image data, resizing standardizes image 

dimensions for consistency, while normalization scales pixel values to a common range, improving model 

performance. Additionally, data augmentation techniques, such as flipping and rotation, enhance dataset 

diversity, increasing the robustness of the deep learning model. Preprocessing begins with converting 

categorical variables into numerical representations, making them machine-readable for numerical and 

categorical data. Missing values are handled through imputation techniques or removed to maintain data 

integrity. Furthermore, bias and noise reduction methods ensure high-quality data, minimizing clustering 

and model fitting errors. These preprocessing steps collectively enhance model accuracy and reliability. 

 

PROPOSED MODEL 
The malaria outbreak forecasting model integrates deep learning, particularly convolutional neural 

networks (CNNs), with clustering analysis to improve prediction accuracy. CNNs are crucial in extracting 

meaningful features from malaria microscopy images, enabling precise classification of infected and 

uninfected samples. Meanwhile, clustering analysis uncovers hidden patterns and relationships within the 
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dataset, refining the model’s predictive capabilities. By combining these techniques, the model offers a 

robust approach to malaria outbreak forecasting. 

 

BENEFITS OF THE PROPOSED MODEL 
This model provides several advantages. First, it enhances prediction accuracy by leveraging deep learning 

for precise malaria detection. Additionally, it enables spatial analysis, identifying geographical trends in 

malaria outbreaks. Integrating diverse data sources improves the comprehensiveness of predictions, making 

them adaptable to specific regions and demographics. Moreover, the model generates actionable insights to 

guide public health interventions, ensuring timely and effective responses to potential outbreaks. 

 

CLUSTERING ANALYSIS 
Clustering analysis is essential for identifying underlying structures in the dataset, further improving 

malaria outbreak predictions. K-means and DBSCAN group images and data points based on shared 

characteristics. In the context of image data, clustering helps detect groups of malaria-positive and malaria-

negative samples based on visual attributes like color, texture, and shape. Additionally, analyzing the 

distribution of these clusters across different geographical locations provides valuable insights into disease 

prevalence and transmission patterns. 

 

MODEL TRAINING 
The training phase focuses on developing a predictive model to forecast malaria outbreaks accurately. 

Training data consists of preprocessed images and structured numerical and categorical data. CNN 

architectures, including VGG16, InceptionV3, and DenseNet, are employed, along with transfer learning 

techniques, to improve feature extraction. The model’s performance is rigorously evaluated using a separate 

test dataset, ensuring it can generalize well and produce reliable predictions. 

 

MODEL DESIGN 
The model is built on a deep learning framework that leverages CNNs to process malaria microscopy 

images effectively. Convolutional layers extract important image features, while max-pooling layers reduce 

dimensionality, preserving essential details. A flattening layer converts multidimensional feature maps into 

a one-dimensional vector, which is then processed by dense layers responsible for classification. Dropout 

layers are incorporated to prevent overfitting by randomly deactivating neurons during training. Finally, 

the output layer employs a sigmoid activation function to generate binary predictions, determining whether 

an image is malaria-positive or malaria-negative. Transfer learning is implemented using pre-trained 

models such as VGG16, InceptionV3, Xception, and DenseNet to enhance feature extraction further. These 

models, trained on large image datasets, provide a strong foundation, improving accuracy even with limited 

labeled malaria data. 

 

MODEL DESIGN AND DEVELOPMENT PROCESS 
The development of the malaria forecasting model follows a structured process. It begins with problem 

formulation, defining research objectives, and outlining the scope. Once the model is designed, training is 

conducted using preprocessed data, ensuring optimal learning. Performance is evaluated using test datasets, 

measuring its ability to generalize to unseen data. Following successful validation, the model is deployed 

for real-world applications, aiding malaria outbreak forecasting. Finally, iterative optimization is performed 

based on feedback and performance metrics, refining the model to achieve even greater accuracy and 

reliability. 
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IV. RESULTS AND DISCUSSION 

The study's findings demonstrate the comparative efficacy of various deep-learning models in 

predicting malaria outbreaks. The Convolutional Neural Network (CNN) outperformed VGG-16, 

Inception, Xception, and DenseNet, making it the most effective model for recognizing patterns 

associated with malaria outbreaks. Accuracy was the primary metric for evaluating performance, 

with CNN achieving the highest accuracy. 

 

Table 1: Performance Accuracy of Different Deep Learning Algorithms 

Model Accuracy 

CNN 0.96% 

VGG16 0.945% 

Inception V3 0.9283% 

Xception 0.9390% 

DenseNet 0.94% 

The provided table 1 compares the performance of several deep learning models, with accuracy values 

expressed as percentages, albeit with remarkably low values suggesting they might represent error rates or 

are measured in a non-traditional format since typical accuracies for these models exceed 90%. Assuming 

these values represent error rates (or a similar reversed metric), key observations are: 

a) CNN: Obtains the highest value (0.96%), which could imply it's more robust under the specific 

conditions or dataset. 

b) VGG16 and DenseNet: With values of 0.945% and 0.94% respectively, these models show competitive 

performance, indicating their relatively stable architecture despite being deeper and more complex. 

c) Xception and Inception V3: These models achieve slightly lower values (0.9390% and 0.9283%), 

reflecting the modern trend where architecture innovations—like depth wise separable convolutions in 

Xception—offer marginally better error management. 

Overall, while the differences appear minimal, they highlight that even subtle architectural variations can 

impact performance. For academic or practical scenarios, this emphasizes the importance of tailoring 

network architectures to specific tasks and datasets, as small adjustments could translate into significant 

performance gains in real-world applications. 

Therefore, it could be observed that simpler CNN model provided the best results for this specific task 

despite the complexity of deeper models like VGG-16, Inception, and Xception. This indicates that CNN 

is particularly suitable for predicting malaria outbreaks, making it a valuable tool for public health 

monitoring and intervention planning. All models achieved good accuracy, but CNN was determined to be 

the best for predicting malaria outbreaks due to its highest accuracy. 

 

V. CONCLUSION 

The simpler CNN model provided the best results for this specific task despite the complexity of deeper 

models like VGG-16, Inception, and Xception. This indicates that CNN is particularly suitable for 

predicting malaria outbreaks, making it a valuable tool for public health monitoring and intervention 

planning. All models achieved good accuracy, but CNN was determined to be the best for predicting malaria 

outbreaks due to its highest accuracy. This study developed a deep learning-based malaria outbreak 

prediction model using various neural network architectures, including CNN, VGG-16, Inception, 

Xception, and DenseNet. The primary objectives were to accurately predict malaria cases from blood smear 

images, analyze associations between predicted malaria cases and death rates across different countries, 

and identify key environmental and socioeconomic factors influencing malaria transmission and case 

fatality rates. Driven by the limitations of traditional malaria diagnostic methods, which are time-
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consuming, require skilled personnel, and lack sensitivity in early-stage infection detection, the study 

sought to create a more efficient, accessible, and accurate diagnostic tool by leveraging advancements in 

image processing and deep learning. 

 

REFERENCES 

Alade, A. (2022). A Mission to Sanitize: Public Health, Colonial Authority, and African Agency in Western 

Nigeria, 1900-1945. 

Alvarez, J. R., Al-Khan, A., & Apuzzio, J. J. (2005). Malaria in pregnancy. Infectious Diseases in Obstetrics 

and Gynecology, 13(4), 229–236. https://doi.org/10.1080/10647440500148339 

Beck, M., Tobin, D., & Sheppard, G. (2021). The 2020 Novel Corona Virus Outbreak: One Year On. The 

Open Public Health Journal, 14(1), 7–11. https://doi.org/10.2174/1874944502114010007 

Dath, M. K., Nazir, N., Dhankhar, A., Solanki, K., & Dahiya, O. (2023). Malarial Diagnosis with Deep 

Learning and Image Processing Approaches. International Journal on Recent and Innovation Trends 

in Computing and Communication, 11, 210–222. https://doi.org/10.17762/ijritcc.v11i5s.6647 

Flateau, C., Picque, M., Cornaglia, C., Pitsch, A. elia, Youbong, T., Leroy, P., De Pontfarcy, A., Jault, T., 

Thach, C., Camus, M., Dolveck, F., & Diamantis, S. (2023). Factors associated with delay in seeking 

healthcare for imported malaria: A retrospective study in a French hospital. Journal of Travel 

Medicine, 30(3). https://doi.org/10.1093/jtm/taad023 

Fuhad, K. M. F., Tuba, J. F., Sarker, M. R. A., Momen, S., Mohammed, N., & Rahman, T. (2020). Deep 

learning based automatic malaria parasite detection from blood smear and its smartphone based 

application. Diagnostics, 10(5). https://doi.org/10.3390/diagnostics10050329 

Gois, F. N. B., Marques, J. A. L., de Oliveira Dantas, A. B., Santos, M. C., Neto, J. V. S., de Macêdo, J. A. 

F., Du, W., & Li, Y. (2023). Malaria Blood Smears Object Detection Based on Convolutional 

DCGAN and CNN Deep Learning Architectures. Studies in Computational Intelligence, 1055, 197–

212. https://doi.org/10.1007/978-3-031-12127-2_14 

Hasan Sifat, M. M., & Islam, M. M. (2020). A Fully Automated System to Detect Malaria Parasites and 

their Stages from the Blood Smear. 2020 IEEE Region 10 Symposium, TENSYMP 2020, 1351–1354. 

https://doi.org/10.1109/TENSYMP50017.2020.9230761 

Hyde, E., Bonds, M. H., Ihantamalala, F. A., Miller, A. C., Cordier, L. F., Razafinjato, B., 

Andriambolamanana, H., Randriamanambintsoa, M., Barry, M., Andrianirinarison, J. C., 

Andriamananjara, M. N., & Garchitorena, A. (2021). Estimating the local spatio‐temporal distribution 

of malaria from routine health information systems in areas of low health care access and reporting. 

International Journal of Health Geographics, 20(1). https://doi.org/10.1186/s12942-021-00262-4 

Kandula, A. R., Kalyanapu, S., Gottipati, L. S., Kamma, H., Munagala, M., & Ramachandran, P. (2023). 

Revolutionizing Malaria Diagnosis: A Deep Learning Approach. International Conference on 

Sustainable Computing and Smart Systems, ICSCSS 2023 - Proceedings, 63–66. 

https://doi.org/10.1109/ICSCSS57650.2023.10169586 

Kapisi, J., Kakuru, A., Jagannathan, P., Muhindo, M. K., Natureeba, P., Awori, P., Nakalembe, M., 

Ssekitoleko, R., Olwoch, P., Ategeka, J., Nayebare, P., Clark, T. D., Rizzuto, G., Muehlenbachs, A., 

Havlir, D. V., Kamya, M. R., Dorsey, G., & Gaw, S. L. (2017). Relationships between infection with 

Plasmodium falciparum during pregnancy, measures of placental malaria, and adverse birth outcomes 

NCT02163447 NCT. Malaria Journal, 16(1). https://doi.org/10.1186/s12936-017-2040-4 

Kaur, S., Singla, J., Nkenyereye, L., Jha, S., Prashar, D., Joshi, G. P., El-Sappagh, S., Islam, M. S., & Riazul 

Islam, S. M. (2020). Medical Diagnostic Systems Using Artificial Intelligence (AI) Algorithms: 

Principles and Perspectives. IEEE Access, 8, 228049–228069. 

https://doi.org/10.1109/ACCESS.2020.3042273 

Kim, S. Y., & Yeniova, A. Ö. (2022). Global, regional, and national incidence and mortality of COVID-19 

in 237 countries and territories, January 2022: a systematic analysis for World Health Organization 

COVID-19 Dashboard. Life Cycle, 2. https://doi.org/10.54724/lc.2022.e10 

Kundu, T. K., & Anguraj, D. K. (2023). A Performance Analysis of Machine Learning Algorithms for 



Journal of Institutional Research, Big Data Analytics and Innovation 

                                                                                                                    

 

412 
 

Malaria Parasite Detection using Microscopic Images. Proceedings - 5th International Conference on 

Smart Systems and Inventive Technology, ICSSIT 2023, 980–984. 

https://doi.org/10.1109/ICSSIT55814.2023.10061060 

Kuzhaloli, S., Thenappan, S., Premavathi, T., Nivedita, V., Mageshbabu, M., & Navaneethan, S. (2023). 

Identification of Malaria Disease Using Machine Learning Models. 2023 5th International 

Conference on Electrical, Computer and Communication Technologies, ICECCT 2023. 

https://doi.org/10.1109/ICECCT56650.2023.10179665 

Lu, G., Cao, Y., Chen, Q., Zhu, G., Müller, O., & Cao, J. (2022). Care-seeking delay of imported malaria 

to China: implications for improving post-travel healthcare for migrant workers. Journal of Travel 

Medicine, 29(4). https://doi.org/10.1093/jtm/taab156 

Madhu, G., Govardhan, A., Ravi, V., Kautish, S., Srinivas, B. S., Chaudhary, T., & Kumar, M. (2022). 

DSCN-net: a deep Siamese capsule neural network model for automatic diagnosis of malaria parasites 

detection. Multimedia Tools and Applications, 81(23), 34105–34127. https://doi.org/10.1007/s11042-

022-13008-6 

Madhu, G., Govardhan, A., Srinivas, B. S., Sahoo, K. S., Jhanjhi, N. Z., Vardhan, K. S., & Rohit, B. (2021). 

Imperative Dynamic Routing between Capsules Network for Malaria Classification. Computers, 

Materials and Continua, 68(1), 903–919. https://doi.org/10.32604/cmc.2021.016114 

Mahmood, S. N., Mohammed, S. S., Ismaeel, A. G., Clarke, H. G., Mahmood, I. N., Aziz, D. A., & Alani, 

S. (2023). Improved Malaria Cells Detection Using Deep Convolutional Neural Network. HORA 2023 

- 2023 5th International Congress on Human-Computer Interaction, Optimization and Robotic 

Applications, Proceedings. https://doi.org/10.1109/HORA58378.2023.10156747 

Makanjuola, R. O., & Taylor-Robinson, A. W. (2020). Improving Accuracy of Malaria Diagnosis in 

Underserved Rural and Remote Endemic Areas of Sub-Saharan Africa: A Call to Develop 

Multiplexing Rapid Diagnostic Tests. Scientifica, 2020. https://doi.org/10.1155/2020/3901409 

Maturana, C. R., de Oliveira, A. D., Nadal, S., Bilalli, B., Serrat, F. Z., Soley, M. E., Igual, E. S., Bosch, 

M., Lluch, A. V., Abelló, A., López-Codina, D., Suñé, T. P., Clols, E. S., & Joseph-Munné, J. (2022). 

Advances and challenges in automated malaria diagnosis using digital microscopy imaging with 

artificial intelligence tools: A review. Frontiers in Microbiology, 13. 

https://doi.org/10.3389/fmicb.2022.1006659 

Nebbak, A., Almeras, L., Parola, P., & Bitam, I. (2022). Mosquito Vectors (Diptera: Culicidae) and 

Mosquito-Borne Diseases in North Africa. Insects, 13(10). https://doi.org/10.3390/insects13100962 

Noorani, T. A., Kothari, J. S., & Kanabar, B. (2020). A cross sectional study on risk factors associated with 

acute lower respiratory tract infection among children aged 6 to 60 months. International Journal of 

Contemporary Pediatrics, 7(11), 2219. https://doi.org/10.18203/2349-3291.ijcp20204415 

Organización Mundial de la Salud (OMS), & Friederike Otto; Ben Clarke. (2023). World malaria report 

2023. 1–356. https://www.who.int/teams/global-malaria-programme/reports/world-malaria-report-

2023 

Poojary, H. D., & Sumithra, T. V. (2022). Comparative Analysis of Deep Learning Models for Malaria 

Detection. 2022 IEEE 3rd Global Conference for Advancement in Technology, GCAT 2022. 

https://doi.org/10.1109/GCAT55367.2022.9972167 

S., C., & A.C., A. (2020). Real-time Malaria Parasite Screening in Thick Blood Smears for Low-Resource 

Setting. Journal of Digital Imaging, 33(3), 763–775. 

http://www.embase.com/search/results?subaction=viewrecord&from=export&id=L630710276%0A

http://dx.doi.org/10.1007/s10278-019-00284-2 

Sangamithra, A., & Vishnu, S. (2021). Economic Burden of Malaria: A National Disease. Shanlax 

International Journal of Economics, 9(2), 26–30. https://doi.org/10.34293/economics.v9i2.3675 

Seyer Cagatan, A., Taiwo Mustapha, M., Bagkur, C., Sanlidag, T., & Ozsahin, D. U. (2023). An Alternative 

Diagnostic Method for C. neoformans: Preliminary Results of Deep-Learning Based Detection Model. 

Diagnostics, 13(1). https://doi.org/10.3390/diagnostics13010081 

Siłka, W., Wieczorek, M., Siłka, J., & Woźniak, M. (2023). Malaria Detection Using Advanced Deep 



Journal of Institutional Research, Big Data Analytics and Innovation 

                                                                                                                    

 

413 
 

Learning Architecture. Sensors, 23(3). https://doi.org/10.3390/s23031501 

Srivastava, N., Agarwal, A., & Singh, N. (2017). Comparative Evaluation of Malaria Rapid Diagnostic 

Tests and Microscopy. International Journal of Current Microbiology and Applied Sciences, 6(8), 

3050–3051. https://doi.org/10.20546/ijcmas.2017.609.375 

Vijayalakshmi A, & Rajesh Kanna B. (2020). Deep learning approach to detect malaria from microscopic 

images. Multimedia Tools and Applications, 79(21–22), 15297–15317. 

https://doi.org/10.1007/s11042-019-7162-y 

Wambani, J., & Okoth, P. (2022). Impact of Malaria Diagnostic Technologies on the Disease Burden in the 

Sub-Saharan Africa. Journal of Tropical Medicine, 2022. https://doi.org/10.1155/2022/7324281 

Wang, C. Y., & Feng, Z. (2023). A Flexible Method for Diagnostic Accuracy with Biomarker Measurement 

Error. Mathematics, 11(3). https://doi.org/10.3390/math11030549 

Yadav, S. S., Kadam, V. J., Jadhav, S. M., Jagtap, S., & Pathak, P. R. (2021). Machine learning based 

malaria prediction using clinical findings. 2021 International Conference on Emerging Smart 

Computing and Informatics, ESCI 2021, 216–222. https://doi.org/10.1109/ESCI50559.2021.9396850 

Yang, D. H., Chin, C. S., Chao, W. C., Lin, C. H., Chen, Y. W., Chen, Y. H., & Chen, H. H. (2021). 

Association of the Risk of Childhood Asthma at Age 6 With Maternal Allergic or Immune-Mediated 

Inflammatory Diseases: A Nationwide Population-Based Study. Frontiers in Medicine, 8. 

https://doi.org/10.3389/fmed.2021.713262 

Zakai, H. A. (2003). Methods used in the diagnosis of malaria: where do we stand? Journal of the Egyptian 

Society of Parasitology, 33(3), 979–990. 

 

 

 

 

 

 


