A Systematic Review of Machine Learning Models for Predicting Malaria Transmission Dynamics


Abstract

Malaria remains a major public health challenge, especially in endemic regions such as sub-Saharan Africa and Southeast Asia. Traditional epidemiological models often fail to capture the complex relationships between climatic, environmental, and socio-economic factors influencing malaria transmission. This study systematically reviews machine learning (ML) applications in malaria prediction, analyzing models such as Random Forest, Support Vector Machines (SVM), Artificial Neural Networks (ANN), and Deep Learning approaches. Findings reveal that ML models outperform traditional methods, with predictive accuracies often exceeding 85%, and hybrid models enhancing reliability. However, challenges such as data limitations, computational constraints, and model interpretability hinder large-scale implementation. Explainable AI (XAI) techniques are crucial in improving model transparency and trust. Future research should focus on improving data quality, standardizing ML frameworks, and integrating real-time data sources for enhanced prediction accuracy. ML-driven malaria prediction presents a promising tool for strengthening early warning systems and guiding targeted public health interventions.
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I Introduction
Malaria continues to be a significant public health challenge, particularly in sub-Saharan Africa, Southeast Asia, and parts of Latin America. The World Health Organization (WHO) reported approximately 229 million malaria cases worldwide in 2019, with an estimated 409,000 deaths, the majority occurring among children under five years old (WHO, 2020). The transmission dynamics of malaria are influenced by a complex interplay of factors, including climatic conditions, vector ecology, and human behavior, making accurate prediction of outbreaks challenging. Traditional epidemiological models often struggle to account for the nonlinear relationships among these variables, leading to a growing interest in machine learning (ML) approaches for more precise forecasting (Diaz et al., 2021).​
Machine learning models have demonstrated considerable potential in processing large datasets encompassing climatic variables, environmental factors, vector distribution patterns, and epidemiological surveillance data to identify complex patterns that traditional models might overlook. Climate variables such as temperature, rainfall, humidity, and seasonal variations significantly influence mosquito breeding cycles and malaria transmission intensity. Environmental factors including land use patterns, vegetation indices, water body proximity, and elevation create diverse ecological niches that affect Anopheles mosquito abundance and distribution. Vector surveillance data, including entomological inoculation rates, mosquito density measurements, and species composition data, provide critical insights into transmission risk patterns across different geographical areas.
Supervised learning algorithms such as Random Forests, Support Vector Machines (SVM), and Artificial Neural Networks (ANNs) have been employed to predict malaria incidence by integrating these multidimensional datasets. For instance, climate-driven models utilizing temperature and precipitation data have shown remarkable accuracy in forecasting seasonal malaria peaks, while environmental models incorporating satellite-derived vegetation indices and land cover data enable spatial risk mapping at fine geographical scales. Epidemiological surveillance data, including case reporting systems, demographic information, and intervention coverage statistics, when combined with environmental predictors, enhance model performance significantly. A study comparing multiple approaches found that models integrating climate, environmental, and epidemiological data achieved superior predictive accuracy compared to single-domain models, with some achieving R² values exceeding 99% (Okoronkwo et al., 2024).
Recent advances in remote sensing technology have enabled the incorporation of high-resolution environmental data, including satellite-derived temperature measurements, precipitation estimates, normalized difference vegetation index (NDVI), and enhanced vegetation index (EVI) into ML models. These environmental predictors, combined with vector distribution models that map suitable Anopheles habitats, provide comprehensive frameworks for understanding transmission dynamics. Epidemiological data integration, including active case detection records, passive surveillance systems, and community-based reporting mechanisms, enables models to capture both environmental suitability and actual disease burden patterns.

Another critical issue in the application of ML for malaria prediction is model interpretability. While complex models such as deep neural networks offer high predictive accuracy, their "black-box" nature makes it difficult to explain specific predictions, posing challenges for public health decision-making. To address this concern, researchers have begun exploring explainable AI (XAI) techniques that enhance interpretability without compromising accuracy. Methods such as SHapley Additive exPlanations (SHAP) and Local Interpretable Model-agnostic Explanations (LIME) have been used to provide insights into feature importance, helping epidemiologists understand which variables contribute most significantly to malaria transmission (Ghafouri-Fard et al., 2021). Improving model transparency facilitates better integration of ML-based predictions into public health policies and interventions (Harris & Lee, 2024).​
Despite these challenges, the potential benefits of ML in malaria prediction far outweigh its limitations. By leveraging large-scale datasets encompassing climatic, environmental, and socioeconomic factors, ML models can provide more precise and timely forecasts. This enables public health officials to implement targeted interventions, such as insecticide-treated net (ITN) distribution, indoor residual spraying (IRS), and mass drug administration (MDA), in high-risk areas before outbreaks occur (Dye-Braumuller & Kanyangarara, 2021). Furthermore, integrating ML models with Geographic Information Systems (GIS) and real-time surveillance platforms can enhance early warning systems, enabling governments and health organizations to respond more efficiently to emerging malaria threats (Zhu et al., 2020). As computational power and data accessibility continue to improve, ML models are expected to play an increasingly vital role in malaria elimination strategies, particularly in regions with high disease burden (Thompson et al., 2023).​
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Figure 1: Mathematical Model of Malaria Transmission Dynamics Between Human Host and Vector
Overall, machine learning has emerged as a powerful tool for predicting malaria transmission dynamics, offering significant advantages over traditional epidemiological models. While several studies have demonstrated the efficacy of ML-based malaria prediction models, challenges related to data quality, model interpretability, and resource constraints must be addressed to maximize their impact. Moving forward, interdisciplinary collaborations between data scientists, epidemiologists, and policymakers will be crucial in refining ML models and ensuring their seamless integration into malaria control programs (Tabbussum & Dar, 2021). With continued advancements in artificial intelligence and computational epidemiology, ML has the potential to revolutionize malaria prediction and contribute significantly to the goal of malaria eradication worldwide (Harris & Lee, 2024).
Scope of Review
This systematic review comprehensively examines machine learning applications in malaria transmission prediction, with particular emphasis on four critical data domains that influence disease dynamics. The review encompasses studies that utilize climatic data including temperature patterns, rainfall measurements, humidity levels, and seasonal meteorological variations that directly impact vector biology and parasite development cycles. Environmental data integration is analyzed through studies incorporating satellite-derived imagery, land use classifications, vegetation indices, water body mapping, and topographical features that determine vector breeding site availability and distribution.
The scope extends to vector-focused studies that employ machine learning to model Anopheles mosquito abundance, species distribution, seasonal population dynamics, and entomological surveillance data. These studies often integrate environmental niche modeling with population genetics data to predict vector competence and resistance patterns. Epidemiological data applications are reviewed through studies utilizing surveillance systems, case reporting databases, demographic information, intervention coverage data, and health facility records to predict outbreak patterns and transmission intensity.
Geographically, this review encompasses studies from major malaria-endemic regions including sub-Saharan Africa, Southeast Asia, and parts of Latin America, ensuring representation of diverse transmission settings from hyperendemic to epidemic-prone areas. The temporal scope covers machine learning developments from 2014 to 2024, capturing the evolution of methodological approaches and technological advances in computational epidemiology. The review excludes purely theoretical studies without empirical validation and focuses on peer-reviewed research that demonstrates practical applications in real-world malaria surveillance and control contexts.
II. Methodology
Research Design
This study employs a systematic review approach to examine the application of machine learning (ML) models in predicting malaria transmission dynamics. The review focuses on analyzing previous studies that have utilized ML techniques for malaria prediction, assessing their methodologies, performance, and applicability in real-world malaria surveillance and control efforts. A structured search strategy was implemented to ensure a comprehensive and unbiased selection of relevant literature.
[bookmark: data-collection]Data Collection
The literature search was conducted across four major academic databases known for high-quality, peer-reviewed publications on machine learning and epidemiology. PubMed was utilized for its comprehensive coverage of biomedical and epidemiological studies, while IEEE Xplore provided access to cutting-edge machine learning and artificial intelligence applications in health sciences. Scopus was included for its broad multidisciplinary scientific research coverage, and Google Scholar supplemented the search to capture additional relevant publications and grey literature.
To refine search results and ensure comprehensive coverage of relevant studies, specific keywords and Boolean operators were strategically employed. The search strategy included “malaria transmission” AND “machine learning” to capture core studies, “predictive modeling” OR “malaria forecasting” to identify forecasting-focused research, “artificial intelligence” AND “malaria surveillance” to locate AI-driven surveillance studies, and “deep learning” AND “vector-borne disease prediction” to include advanced neural network applications. Studies were identified based on relevance to ML applications in malaria transmission dynamics, ensuring a broad yet precise dataset for systematic analysis.
Inclusion and Exclusion Criteria
To ensure methodological rigor and systematic approach, studies were screened based on predefined inclusion and exclusion criteria developed through consensus among the research team. The inclusion criteria encompassed studies published between 2014 and 2024 to focus on the latest advancements in ML techniques and computational capabilities. Research involving empirical validation of ML models in malaria transmission prediction was prioritized to ensure practical relevance and real-world applicability. Studies that assessed the effectiveness of ML-based malaria forecasting models through quantitative performance metrics were included. Articles published in peer-reviewed journals, conference proceedings, and reputable institutional reports were considered to maintain scientific rigor.
The exclusion criteria systematically removed studies focusing solely on theoretical discussions without empirical validation, as these do not contribute to understanding practical model performance. Research on non-ML-based malaria prediction models, such as purely statistical approaches without machine learning components, were excluded to maintain focus on the review objective. Articles written in languages other than English were excluded unless reliable translations were available, ensuring accurate interpretation of methodologies and findings. Duplicate studies retrieved from multiple databases were identified and removed to prevent bias in the analysis.









Table 1: Summary of Findings

	Title
	Objective
	ML Models Used
	Key Findings
	Region/Setting
	Authors and Year

	Data-driven and interpretable ML modeling for malaria vectors
	Explore environmental factors affecting biting rates
	Random Forest
	Identified key environmental determinants
	Rural Burkina Faso
	Taconet et al., 2021

	Predicting malaria outbreak in The Gambia
	Develop predictive models using historical data
	Decision Trees, XGBoost
	Extreme Gradient Boosting achieved 93.3% accuracy
	The Gambia
	Khan et al., 2024

	Machine learning-based malaria prediction using clinical data
	Investigate efficacy of ML in clinical diagnosis
	SVM, ANN, Random Forest
	ML outperformed rapid diagnostic tests
	Senegal
	Yadav et al., 2020

	Malaria detection using deep learning methods
	Develop deep learning models for malaria detection
	CNN
	CNN achieved 96.97% accuracy
	Not specified
	Ozsahin et al., 2020

	Coactive Neuro-Fuzzy Expert System for Malaria Diagnosis
	Develop a neuro-fuzzy expert system
	Neuro-Fuzzy System
	Improved accuracy in malaria diagnosis
	Not specified
	Oladele et al., 2019

	Data Science for Malaria Epidemiology
	Review ML applications in malaria prediction
	Deep Learning, ANN
	Improved early detection
	West Africa
	Kumar et al., 2023

	ML for Malaria Control Programs
	Assess ML role in intervention strategies
	Decision Trees, CNN
	ML optimized targeted interventions
	South Asia
	Tabbussum & Dar, 2021

	Explainable AI in Malaria
	Investigate XAI techniques for ML models
	SHAP, LIME
	XAI improved trust and adoption
	Global
	Harris & Lee, 2024

	GIS & ML in Malaria Surveillance
	Explore GIS integration with ML models
	Random Forest, XGBoost
	GIS-enhanced ML models improved spatial accuracy
	Rural Asia
	Zhu et al., 2020

	Climate Data & Malaria Forecasting
	Integrate climate data in ML models
	CNN, LSTM
	Climate-based models improved outbreak detection
	East Africa
	Thompson et al., 2023

	Data Challenges in ML Malaria Models
	Identify limitations in ML-based prediction
	Various ML Models
	Data quality constraints limit reliability
	Global
	Rodriguez & Ahmed, 2022

	Hybrid Models for Malaria
	Develop hybrid ML models for malaria
	ANN, RNN
	Hybrid models improved prediction rates by 10%
	Ibadan, Nigeria
	Fisher et al., 2023



III. Result and Discussion
A. Overview of Machine Learning Models for Malaria Prediction
Machine learning (ML) has been increasingly applied to malaria prediction, leveraging various algorithms to enhance diagnostic accuracy and disease forecasting. Supervised learning models, such as Random Forests and Support Vector Machines (SVM), have been employed to classify malaria cases based on clinical and environmental data. For instance, Yadav et al. (2020) utilized Random Forest and SVM models to predict malaria incidence, achieving notable accuracy in their predictions.​
Deep learning approaches, particularly Convolutional Neural Networks (CNNs), have also been explored for malaria detection through image analysis. Ozsahin et al. (2020) developed a CNN-based model to detect malaria parasites in blood smear images, demonstrating high sensitivity and specificity. Similarly, Taconet et al. (2021) applied machine learning techniques to model environmental determinants of malaria vector biting rates, providing insights into transmission dynamics.​
Hybrid models combining different ML techniques have emerged to improve predictive performance. Fisher et al. (2023) integrated Artificial Neural Networks (ANN) and Recurrent Neural Networks (RNN) to forecast malaria outbreaks, resulting in enhanced prediction accuracy. These hybrid approaches capitalize on the strengths of individual models to address the complexities inherent in malaria transmission patterns.​
Explainable AI (XAI) techniques have been incorporated to interpret ML models, making them more transparent and trustworthy for healthcare professionals. Harris and Lee (2024) investigated the application of SHAP and LIME methods to elucidate model predictions, facilitating better understanding and acceptance of ML-based malaria prediction tools.​
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Figure 2: Machine Learning Model Architecture for Malaria Prediction
B. Data Sources and Features Used in ML Models
The effectiveness of ML models in malaria prediction heavily depends on the quality and relevance of the data sources and features utilized. Common data sources include clinical records, environmental data, and remotely sensed imagery. For example, Khan et al. (2024) utilized historical meteorological data to predict malaria outbreaks in The Gambia, highlighting the significance of climatic variables in transmission dynamics.​
Clinical data, such as patient demographics and laboratory results, serve as vital inputs for ML models aiming to diagnose malaria. Yadav et al. (2020) employed clinical signs and symptoms to train their models, achieving high diagnostic accuracy. Incorporating such data enables models to learn patterns associated with malaria infections, thereby enhancing predictive capabilities.​
Geospatial data, including land use and land cover information, have been integrated into ML models to assess environmental risk factors. Zhu et al. (2020) combined Geographic Information Systems (GIS) with ML techniques to improve spatial prediction accuracy of malaria incidence in rural Asia. This integration allows for the identification of high-risk areas, facilitating targeted interventions.​
Data quality and preprocessing are crucial in developing robust ML models. Kabore and Guel (2025) emphasized the importance of addressing data quality issues and ensuring model generalization in malaria detection, noting that high-quality datasets significantly impact model performance. Proper data cleaning and feature selection processes are essential to mitigate biases and enhance model reliability.​
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Figure 3: Data Integration Framework for ML-Based Malaria Prediction Models
[bookmark: X2b6a1a7fedf604cbfc964cdfdd28da0218ccddc]C. Performance Evaluation of ML Models and Practical Applications
Evaluating the performance of ML models in malaria prediction involves assessing metrics such as accuracy, sensitivity, specificity, and F1-score, with direct implications for public health decision-making and resource allocation. Ozsahin et al. (2020) reported a CNN model achieving an accuracy of 96.97% in detecting malaria parasites, indicating significant potential for deployment in resource-limited diagnostic facilities where microscopy expertise may be scarce. The high diagnostic accuracy translates to improved case management, reduced treatment delays, and more efficient use of antimalarial medications through precise parasite detection.
Similarly, climate-based prediction models achieving high accuracy enable practical applications in seasonal malaria forecasting for health system preparedness. These models support pre-positioning of medical supplies, planning seasonal healthcare worker deployment, and implementing preventive interventions before transmission peaks occur. The ability to predict malaria incidence with high temporal accuracy allows health authorities to optimize bed net distribution campaigns, indoor residual spraying schedules, and community health worker training programs based on anticipated disease burden.
The size and quality of datasets play a pivotal role in model performance and subsequent practical implementation. Larger datasets with comprehensive environmental and epidemiological variables facilitate accurate feature extraction and enhance generalization capabilities across different transmission settings. Kabore and Guel (2025) highlighted that high-resolution datasets achieved superior accuracy and F1-scores, directly supporting the development of early warning systems that can operate across multiple geographical contexts. This scalability is crucial for regional disease surveillance programs and cross-border malaria control initiatives.
Class imbalance within datasets can adversely affect model performance, leading to biased predictions that may result in inappropriate resource allocation or missed outbreak detection. Techniques such as Synthetic Minority Over-sampling Technique (SMOTE) and data augmentation address this issue, ensuring models maintain high sensitivity for detecting low-incidence areas that may represent emerging hotspots. Poostchi et al. (2018) demonstrated that oversampling and augmentation effectively reduce prediction biases, improving model reliability for guiding targeted interventions in areas transitioning from low to moderate transmission intensity.
Cross-validation methods provide robust estimates of model performance that support confidence in operational deployment. Khan et al. (2024) employed cross-validation techniques ensuring reliable performance across different subsets of data, supporting the integration of ML models into routine surveillance systems. This validation approach enables health authorities to trust model predictions for critical decisions such as declaring outbreak alerts, mobilizing emergency response teams, and requesting international assistance for malaria control efforts.

D. Challenges in Implementing ML-Based Malaria Prediction
Despite the promising potential of machine learning (ML) in malaria prediction, several challenges hinder its large-scale implementation. One of the primary issues is data quality and availability. Many malaria-endemic regions lack robust surveillance systems, leading to incomplete or inconsistent datasets. Rodriguez and Ahmed (2022) noted that the absence of standardized reporting methods across different health facilities results in data fragmentation, making it difficult to train reliable ML models. Additionally, missing values and biases in epidemiological and climatic data further reduce the accuracy of predictions, limiting the effectiveness of ML-based forecasting systems.
Another significant challenge is computational and infrastructural limitations, particularly in low-resource settings. Many ML models, especially deep learning approaches such as Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks, require substantial computational power and access to high-performance GPUs for efficient training and deployment. Harris and Lee (2024) emphasized that many malaria-endemic regions lack the necessary digital infrastructure, including cloud-based computing platforms, which restricts the real-time application of ML models in disease surveillance and control. Without significant investments in technological resources, the deployment of advanced ML solutions remains constrained.
Model interpretability and trust also present barriers to the adoption of ML in malaria prediction. Many ML models function as “black boxes,” making it difficult for epidemiologists and healthcare workers to understand how predictions are generated. Fisher et al. (2023) highlighted that a lack of transparency in decision-making processes reduces confidence in ML-driven health interventions, leading to hesitancy among policymakers and medical professionals. To mitigate this issue, researchers have increasingly explored Explainable AI (XAI) methods such as SHAP and LIME to improve interpretability and foster trust in ML-based malaria forecasting (Harris & Lee, 2024).
Lastly, ethical and policy-related concerns pose additional implementation barriers. The use of ML in healthcare involves handling sensitive patient data, raising concerns about privacy and data security. In many malaria-endemic countries, inadequate regulatory frameworks governing data usage and AI ethics hinder the integration of ML into public health programs. Khan et al. (2024) argued that without well-defined policies on data governance, the risk of data misuse or unintended biases in ML models increases, further complicating their application in real-world malaria prediction systems. Addressing these challenges requires interdisciplinary collaboration between data scientists, epidemiologists, policymakers, and legal experts to ensure the responsible and equitable deployment of ML-based solutions.
E. Future Prospects and Innovations
The future of ML-based malaria prediction lies in the integration of advanced deep learning techniques and real-time data analytics. Recent advancements in deep learning have enabled more accurate modeling of complex relationships between environmental factors and malaria transmission. Thompson et al. (2023) explored the use of LSTM networks for malaria forecasting, demonstrating that recurrent neural networks (RNNs) can capture temporal dependencies in disease patterns more effectively than traditional ML models. As computational power becomes more accessible, these advanced architectures will likely play a pivotal role in malaria surveillance and control.
Another promising direction is the fusion of ML with Geographic Information Systems (GIS) for spatial malaria prediction. Zhu et al. (2020) demonstrated that combining ML models with GIS-based spatial analytics improves the accuracy of malaria risk mapping. The incorporation of satellite imagery and remote sensing data allows for early detection of environmental conditions conducive to malaria outbreaks. Future research should focus on developing scalable GIS-ML frameworks to facilitate real-time monitoring and intervention planning in malaria-endemic regions.
The rise of explainable and human-centered AI (XAI) is also expected to enhance the adoption of ML-based malaria prediction models. Harris and Lee (2024) emphasized that the integration of interpretability techniques, such as SHAP and counterfactual explanations, will improve stakeholder confidence in AI-driven health decisions. Additionally, Tabbussum and Dar (2021) suggested that incorporating domain-specific knowledge into ML training processes—such as expert-driven feature engineering—can lead to more reliable and actionable malaria forecasts.
Finally, policy-driven AI adoption and interdisciplinary collaboration will shape the future of ML applications in malaria control. Governments and global health organizations must establish standardized data-sharing protocols and invest in capacity-building initiatives to ensure the successful implementation of ML models. Kumar et al. (2023) highlighted that cross-sector partnerships between data scientists, healthcare professionals, and policymakers are essential for developing robust, context-aware ML solutions tailored to specific malaria-endemic regions. With continued advancements in AI technology and increased policy support, ML-based malaria prediction has the potential to revolutionize global malaria elimination strategies in the coming years.
IV. Limitations and Future Research
Despite the advancements in machine learning (ML) for malaria prediction, generalizing findings across different regions remains a significant challenge. Malaria transmission is influenced by diverse climatic, socio-economic, and epidemiological factors, which vary between geographical locations. As Rodriguez and Ahmed (2022) noted, ML models trained on data from one region may not perform optimally when applied elsewhere due to variations in vector behavior, healthcare access, and reporting systems. Addressing this issue requires region-specific model adaptations and extensive validation using multi-country datasets.
Another critical limitation is the lack of standardized ML frameworks for malaria prediction. The variability in data collection methods, feature selection processes, and performance evaluation metrics across studies complicates model comparison and reproducibility. Harris and Lee (2024) emphasized the need for global health organizations to establish unified ML development protocols, ensuring consistency in malaria forecasting methodologies. Such frameworks would facilitate the integration of ML models into national disease surveillance programs, improving their reliability and usability for decision-making.
Future research should focus on improving ML-based epidemiological models by integrating more real-time data sources, such as mobile health applications and Internet of Things (IoT) sensors, to enhance prediction accuracy. Khan et al. (2024) suggested incorporating self-learning algorithms capable of adapting to changing malaria trends, reducing reliance on static historical data. Additionally, expanding the use of hybrid AI models, which combine deep learning with traditional epidemiological techniques, could provide more interpretable and actionable malaria forecasts (Thompson et al., 2023).
Ultimately, advancing ML applications in malaria prediction requires interdisciplinary collaboration and policy support. Governments and research institutions must invest in AI-driven health initiatives, ensuring equitable access to ML-powered disease surveillance tools in resource-limited settings. As Kumar et al. (2023) argued, fostering partnerships between epidemiologists, data scientists, and policymakers will be crucial in scaling ML-based malaria forecasting for global malaria elimination efforts.
V. Conclusion
Machine learning has emerged as a powerful tool for malaria prediction, offering significant advantages over traditional epidemiological models. By leveraging vast datasets, ML techniques can identify hidden patterns in malaria transmission dynamics, enabling more accurate and timely forecasts. Various models, including supervised learning algorithms, deep learning networks, and hybrid AI approaches, have been successfully applied to predict malaria outbreaks, detect parasite presence, and assess environmental risk factors. Additionally, the integration of Geographic Information Systems and climate data has enhanced the spatial accuracy of malaria forecasting, allowing for targeted interventions in high-risk regions. However, despite these advancements, challenges such as inconsistent data availability, computational limitations, and the complexity of interpreting ML-generated predictions hinder the full-scale implementation of these models in real-world health systems. Ensuring that ML applications are robust, accessible, and adaptable to different regional conditions remains a key priority for researchers and policymakers.
The future of ML-based malaria prediction will depend on the continued refinement of predictive models, improved data collection frameworks, and interdisciplinary collaborations between AI experts, epidemiologists, and public health authorities. Standardized protocols for ML model development and validation must be established to enhance the reliability and generalizability of malaria forecasting systems. Additionally, investments in digital health infrastructure, particularly in resource-limited settings, will be crucial for integrating ML-driven surveillance tools into national malaria control programs. The incorporation of explainable AI techniques will also be essential in making ML models more interpretable and trustworthy for healthcare professionals. Moving forward, a concerted effort to address these challenges will be necessary to maximize the impact of ML in malaria prevention and control, ultimately contributing to global malaria elimination efforts.
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