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Abstract 

 

Disease modelling is no exception to the widespread 

acceptance of artificial intelligence across many fields, 

particularly in cases where a group of highly correlated 

predictors is linked to the disease's outcome. In order to 

avoid misleading regression coefficients and inflated 

standard errors in modelling, multicollinearity must still be 

absent. With data consisting of predictors that are inherently 

associated, this study focuses on variable selection in 

modelling the spread of malaria. Thirteen predictors were 

analysed, including topography, livestock indices, 

environmental, and control measure variables. The study 

addressed multicollinearity in an effort to increase the 

model's predictive capacity by utilizing machine learning 

components of artificial intelligence. In particular, 

regularized algorithms like ridge, elastic net and least 

absolute and shrinkage selection operator (LASSO) were 

taken into consideration. A Poisson-based random forest 

was employed as a comparison tool.  There was a small 

difference between the three regularization method variants 

under comparison based on the mean square error and R-

square performance measurements. LASSO outperformed 

the other two techniques as evidenced by the lowest mean 

square error value (LASSO = 2.017042, ridge = 2.022117, 

elastic net = 2.023353). Though the number of important 

predictors chosen for malaria transmission was precisely the 

same as that of LASSO, the mean square error of the 

ensemble Poisson-based random forest (MSE = 0.006167) 

was much lower than that of the regularisation techniques.  
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 The random forest value was twice as high as the regularization 

algorithm value in terms of R-square. Artificial intelligence is a crucial 

tool to solve the issues posed by big data as it continues to evolve, 

especially in the area of disease modelling.  
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Introduction 

 

Malaria is a severe public health concern, exposing about half of the 

global population to the risk of infection, with a disproportionate 

effect on tropical and subtropical areas where the conditions are 

favourable for its spread (Centers for Disease Control and Prevention 

(CDC), 2024). In 2022, the global malaria cases and related deaths 

were around 249 million and 608 thousand, respectively, and the 

African continent reported 94% of cases of malaria and 80% of related 

mortalities (World Health Organisation (WHO), 2022). The most 

vulnerable population in this region was children under the age of five 

(Shekarau et al., 2024). This alarming report calls for comprehensive 

initiatives to detect and prevent malaria transmission among regions 

that are disproportionately impacted (Awasthi et al., 2024).While 

malaria transmission is influenced by a complex interaction of 

biological, social, and environmental factors, to capture the inherent 

complexities associated with many correlated variables, the diverse 

character of malaria transmission needs advanced analytical 

techniques that go beyond traditional regression models (Shretta et 

al., 2017). 

 

Multicollinearity is a major issue in malaria research, causing standard 

epidemiological models to fail when dealing with datasets containing 

strongly linked components(Shrestha, 2020). Multicollinearity can 

complicate the underlying impact of individual variables by increasing 

standard errors and causing unstable regression coefficients, making 

the results difficult to understand and rely on (Ochieng, 2024). 

Because multicollinearity reduces models' ability to offer precise 

forecasts and relevant insights, it is especially important in malaria 

modelling, where variables range from socioeconomic indices to 
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 meteorological conditions. Addressing this difficulty is necessary for 

improving the interpretability and effectiveness of malaria research 

models (Amadi & Erandi, 2024). 

 

Effective variable selection is critical for improving malaria model 

prediction performance and ensuring that the results are relevant to 

public health operations and this is important for developing a more 

efficient and precise model since it helps discover the most important 

predictors from a huge pool of highly correlated variables(Aheto et 

al., 2021a). While previous research has demonstrated that variable 

selection can reduce the negative effects of multicollinearity on 

model stability and interpretability, eventually boosting the model's 

ability to capture critical malaria transmission factors, variable 

selection is more than just a statistical exercise; it is also an important 

stage in developing models that can successfully lead public health 

actions focused at malaria reduction(Chan et al., 2022; Kyriazos & 

Poga, 2023). 

 

The failure of previous malaria modelling tools to appropriately 

address multicollinearity across variables is a significant problem, and 

when predictors are highly correlated, as is common in studies 

including biological and environmental variables, approaches like 

simple least squares regression sometimes generate incorrect 

results(Stanley et al., 2019; Vatcheva & Lee, 2016). This has motivated 

academics to investigate machine learning techniques as a more 

efficient method of variable selection in high-dimensional datasets on 

malaria transmission  and malaria research can produce more 

accurate and reliable modelling findings due to machine learning 

techniques' increased ability to manage huge datasets with various 

interrelated parts (Adamua & Singh, 2021; O. Khan et al., 2024). 

 

While machine learning has proven to be an effective tool for dealing 

with multicollinearity and high-dimensional data in disease modelling, 

regularisation techniques such as Ridge regression, Elastic Net, and 

Least Absolute Shrinkage and Selection Operator (LASSO) have been 

shown to be effective in variable selection by introducing penalties 

that shrink coefficients, reducing the effect of multicollinearity on 

model performance (Aheto et al., 2021a; Shrestha, 2020). For 

example, LASSO eliminates non-informative predictors from the model 

by imposing an L1 penalty, which causes some coefficients to 

become zero. This feature is notably valuable in malaria modelling 

because it allows for the identification of critical socioeconomic and 

environmental elements that influence malaria transmission without 

being confused by the effects of multicollinearity(Guo et al., 2015). 
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 Elastic Net is a useful tool when numerous variables are highly 

correlated since it combines the advantages of Ridge regression and 

LASSO, this strategy has showed promise in malaria research, where 

environmental parameters such as temperature, rainfall, and 

vegetation indices are commonly associated(Aheto et al., 2021a). 

Elastic Net is a promising method for infectious disease modelling 

because it reduces overfitting and increases model resilience by 

incorporating both L1 and L2 penalties (Z. Li et al., 2020). Ridge 

regression, on the other hand, only applies an L2 penalty, resulting in 

smaller regression coefficients, thereby stabilising the model and 

makes it suitable for scenarios in which all predictors are assumed to 

be relatively relevant(Aheto et al., 2021a). 

 

These machine learning algorithms increase forecast accuracy and 

help researchers better understand the factors that lead to malaria 

transmission. Okunlola et al., (2021) demonstrated how regularised 

regression approaches can be used to choose relevant 

environmental characteristics, hence lowering the computing 

complexity of malaria models. These strategies promote enhanced 

model interpretability and data efficiency, both of which are critical 

for generating targeted interventions in high-risk areas(Lucas et al., 

2022).The application of advanced machine learning techniques in 

malaria research is justified by the inherent complexity of malaria 

transmission and the enormous number of linked factors(O. Khan et 

al., 2024).  

 

While traditional statistical approaches are valuable, they are 

insufficient to handle high-dimensional data with connected 

variables(Filzmoser & Nordhausen, 2021). Machine learning methods, 

particularly regularisation and ensemble approaches, provide a more 

rigorous framework for discovering the primary elements impacting 

malaria spread(Mujahid et al., 2024).Using these advanced 

methodologies, reliable and interpretable models can be 

constructed, providing valuable information for public health 

initiatives. According to Wiemken & Kelley (2019), machine learning 

approaches are becoming increasingly essential in epidemiology due 

to their capacity to solve issues such as variable significance and 

multicollinearity in large datasets. These advancements demonstrate 

how machine learning may increase the precision and 

understandability of malaria models, resulting in better disease 

management methods in the long term(Kino et al., 2021). 

 

Therefore, given the continuous issues associated with malaria 

transmission modelling, this study employs machine learning 

techniques to address the multicollinearity problem in high-
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 dimensional malaria data, thus establishing the optimal approach for 

variable selection in malaria transmission modelling by comparing the 

performance of regularised regression approaches (particularly 

LASSO, Ridge, and Elastic Net). The findings of this work will 

considerably enhance the field of public health by shedding light on 

the most effective pointers of malaria transmission and illustrating how 

machine learning may increase the predictive accuracy of malaria 

models.  

 

Variable selection in malaria modelling or prediction using machine 

learning 

 

Ridge Regression in Malaria Modeling 

 

Ridge regression, an L2 regularisation technique, is commonly 

employed in malaria modelling to manage multicollinearity and 

overfitting, especially when predictors like socioeconomic and 

climatic factors are heavily connected(Schreiber-Gregory, 2018). 

While ridge increases prediction accuracy and model stability by 

penalising big coefficients while retaining predictors, it has been 

efficient in forecasting complicated interactions between 

environmental parameters like as temperature and rainfall that affect 

malaria transmission in disease research(Aheto et al., 2021a; Obadina 

et al., 2021). By retaining the predictive power of these associated 

characteristics, the technique strengthens the model and minimises its 

susceptibility to overfitting(Ying, 2019). 

 

Ridge regression's inability to pick variables is a serious constraint, 

particularly in malaria modelling, where interpretability is critical. Ridge 

typically retains predictors with little effect on the outcome by 

reducing coefficients rather than removing unnecessary variables, 

making it more difficult to identify the important elements influencing 

malaria spread(Obadina et al., 2021). While ridge is less appropriate 

for investigations designed at determining the individual contributions 

of each component due to its tradeoff between interpretability and 

accuracy, its retention of all parameters may diminish the clarity 

required in malaria research for designing personalised medications, 

despite the fact that it is extremely effective at prediction tasks(Usman 

et al., 2022). Ridge regression is thus less ideal for research seeking to 

uncover major drivers of malaria transmission, despite its usefulness for 

dealing with multicollinearity and improving model stability(Cule & De 

Iorio, 2013).  
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 LASSO Regression in Malaria Prediction 

 

LASSO regression, a regularisation technique, does both variable 

selection and shrinkage by imposing an L1 penalty on the coefficients, 

effectively eliminating non-contributory predictors from the model by 

causing some coefficients to be zero(Guo et al., 2015). LASSO is very 

beneficial for simplifying malaria prediction models because it 

reduces the dimensionality of high-dimensional datasets by removing 

extraneous variables while retaining the ones that are most significant 

for assessing malaria transmission(Yang & Wen, 2018). Due to this 

feature, LASSO has been extremely beneficial in simulating malaria, 

where a vast variety of socioeconomic, environmental, and health-

related factors are often closely connected(Aheto et al., 2021b). 

Manguin et al. (2018) and Opiyo et al. (2021) demonstrate how LASSO 

can detect essential variables such as temperature, rainfall, and 

vector control actions while removing extraneous or redundant 

features, hence improving model interpretability(Agrawal, 2023). 

 

One important disadvantage of LASSO is its ability to under-select 

variables in instances where predictor variables are closely 

connected. In some cases, LASSO may choose one predictor at 

random while disregarding others that are equally essential, ignoring 

intricate inter-variable interactions(Yazdi et al., 2021). Furthermore, the 

approach may be sensitive to the tuning parameter that governs the 

intensity of the penalty; hence, the outcome will be determined by 

the parameter used(Yazdi et al., 2021). Despite these challenges, 

LASSO remains useful for simulating malaria, particularly in research 

focused at discovering and assessing the most relevant elements 

impacting malaria transmission(Muthukrishnan & Rohini, 2017). Due to 

its potential to improve model clarity and minimise complexity, it is an 

effective tool for developing tailored, data-driven malaria intervention 

programmes(Aheto et al., 2021).  

 

Elastic Net in Malaria Modeling 

 

Elastic Net is a regularisation method that combines the benefits of 

Ridge and LASSO regression to solve multicollinearity and variable 

selection in high-dimensional datasets. It is a hybrid technique that 

achieves variable selection while simultaneously increasing coefficient 

shrinkage, making it useful for dealing with correlated 

predictors(Usman et al., 2022). This combination allows Elastic Net to 

preserve the benefits of LASSO in discovering critical variables while 

also utilising Ridge's stability in dealing with multicollinearity(Aheto et 

al., 2021). In the field of malaria modelling, where datasets typically 

contain highly correlated environmental, socioeconomic, and 
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 demographic variables, Elastic Net has proven useful in identifying key 

predictors while maintaining model robustness(Obasohan et al., 2021). 

Bayoh et al. (2019) employed Elastic Net to mimic malaria transmission 

patterns, emphasising its capacity to manage complex interactions 

among several variables without overfitting(Gimba & Bala, 2017). 

 

Elastic Net provides substantial advantages in regulating related 

predictors and enhancing model stability, but it also has certain 

downsides. Optimising the two regularisation parameters (α for L1 and 

λ for L2) is computationally intensive and requires cross-

validation(Gimba & Bala, 2017). The model's success is largely 

determined by the balance of LASSO and Ridge penalties, and 

incorrect tuning may result in suboptimal variable selection or 

predictive performance(De Mol et al., 2009). Despite these limitations, 

Elastic Net is well-suited for malaria modelling, especially in datasets 

with complicated correlation structures, making it a promising tool for 

finding important malaria transmission factors and guiding targeted 

intervention strategies (Rauschenberger et al., 2021).  

 

Application of Machine Learning Techniques in Malaria Research 

 

Machine learning (ML) approaches in malaria research represent an 

innovative approach to understanding and forecasting malaria 

spread and recent improvements demonstrate how machine learning 

models may combine a variety of data sets, including demographic, 

socioeconomic, and meteorological information, to produce more 

reliable and accurate malaria prediction models(Mujahid et al., 2024). 

For example, LASSOand other regularisation approaches have been 

successfully applied to analyse big datasets, reducing data 

dimensionality and discovering relevant predictors of malaria 

occurrence(Yazdi et al., 2021). In terms of predictive power and 

model stability, these approaches outperformed established statistical 

techniques such as linear regression (Muthukrishnan & Rohini, 

2017).Machine learning algorithms such as Random Forest and 

support vector machines have been demonstrated to predict malaria 

epidemics in The Gambia based on environmental characteristics 

such as temperature, humidity, and rainfall patterns (O. Khan et al., 

2024).  

 

These models highlighted the significance of adding real-time 

environmental data into malaria management approaches, as well as 

successfully predicting malaria cases. Beyond predictive modelling, 

machine learning approaches provide excellent tools for investigating 

intricate interactions between several factors, particularly the 

dynamics of malaria transmission, which are influenced by a variety of 
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 characteristics(Adamua & Singh, 2021; Mujahid et al., 2024). While 

machine learning algorithms can detect nuanced interactions 

between variables, such as the synergy between socioeconomic 

characteristics and climate conditions, standard statistical methods 

frequently fail to account for these nonlinear correlations (Gaye et al., 

2021). Even when factors are highly linked, research works utilising 

Elastic Net have demonstrated that this method may identify the most 

relevant predictors, providing information that can be used to guide 

personalised malaria treatments (Aheto et al., 2021a). By uncovering 

these underlying patterns, machine learning has helped to improve 

malaria forecasting models and facilitate more successful public 

health campaigns, particularly in high-burden countries(O. Khan et al., 

2024). 

 

Challenges and Future Directions 

 

Even though machine learning holds enormous potential for simulating 

malaria, some difficulties must be addressed before its full potential is 

reached. The selection of appropriate algorithms is critical because, 

depending on the structure and quality of the data, different machine 

learning models might generate vastly different outcomes(Olushola et 

al., 2023). Incomplete, biassed, or insufficient data can result in 

erroneous predictions, therefore the quality and quantity of available 

data are critical factors(Nugroho, 2023). Even though machine 

learning excels at dealing with massive datasets, the interpretability of 

these models remains a key issue(Nilashi et al., 2023). This is especially 

true for stakeholders such as public health professionals, who rely on 

precise, usable information to make decisions. Despite their strength, 

complicated models such as Elastic Net may not provide the 

necessary transparency in policy-making settings, preventing their 

continued use in malaria prevention activities (De Mol et al., 2009). 

 

Furthermore, modifying hyperparameters, which is critical for 

maximising model performance, remains a time-consuming and costly 

computing procedure and when processing capacity is constrained, 

using machine learning may become less practicable(Yu & Zhu, 

2020).Another problem is integrating machine learning models with 

conventional epidemiology approaches. Although machine 

learningcan provide useful insights into the dynamics of malaria 

transmission, when integrated with more traditional methods such as 

statistical epidemiology, it may result in more trustworthy models that 

provide a better understanding of the disease's causes(Li & Abdallah, 

2022). To ensure that machine learning models are both practical and 

scientifically sound, data scientists, epidemiologists, and public health 

specialists must collaborate(Raiaan et al., 2024). 
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 In the future, combining advanced machine learning techniques like 

as regularisation and Poisson-based random forests could be a 

feasible solution to these issues. Malaria treatments can be more 

targeted and efficient if machine learning improves prediction 

accuracy and identifies major transmission drivers such as 

socioeconomic and climatic variables(Orimadegun & Ilesanmi, 2015). 

However, continued research and improvement are required to 

ensure that these techniques are the best, most interpretable, and 

most adaptable for implementation in actual malaria control efforts.  

Model and Estimation  

 

Let be a response variable having a Poisson distribution, and 

, i=1,2…,n, represent the p-dimensional vector 

of predictors of the i-th observation. The Poisson regression model is 

formulated as follows:  

 

    

 (2.1) 

 

where  denotes both the mean and variance,  To 

incorporate covariates into the model, the model parameter  is 

modeled using the log-link function:  

,       

  (2.2) 

where is a vector of unknown regression 

coefficients. The log-likelihood function for this model is given by: 

 
    

  (2.3) 

 

Ridge Estimation 

 

In the presence of multicollinearity, the maximum likelihood estimates 

of the coefficients can be unstable. Ridge regression by Hoerl and 

Kennard (1970) offers a remedy by introducing an  -norm penalty, 

which shrinks the regression coefficients towards zero: 

 

    

  (2.4) 

 

where  is a tuning parameter controlling the strength of the 

penalty. This regularization helps to reduce variance in the estimated 

coefficients by shrinking their values. Ridge regression, however, shrinks 
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 all coefficients but does not perform variable selection, meaning all 

predictors remain in the model, though with reduced magnitudes. Its 

strength lies in improving stability and interpretability in cases of 

multicollinearity. 

 

Lasso Estimation 

 

The Least Absolute Shrinkage and Selection Operator (Lasso) method, 

introduced by Tibshirani (1996), provides both shrinkage and variable 

selection by applying an  penalty to the regression 

coefficients: 

 

    

  (2.5) 

 

The -penalty can shrink some coefficients exactly to zero, thereby 

excluding irrelevant predictors from the model. This feature makes 

Lasso particularly useful in high-dimensional datasets, where many 

predictors might be redundant or irrelevant. By performing variable 

selection automatically, Lasso enhances the model's interpretability 

and simplifies the final predictive model, focusing on the most 

important predictors. 

 

Elastic Net Estimation 

 

Elastic Net, proposed by Zou and Hastie (2005), is a ridge and Lasso 

regression hybrid. It combines the  and -norm penalties to handle 

situations where predictors are highly correlated. The Elastic Net 

estimator is defined as: 

 

  

 (2.6) 

 

where  and  are non-negative tuning parameters. The -penalty 

encourages sparsity, while the -penalty stabilizes the solution by 

shrinking the coefficients. Elastic Net is especially useful when there are 

groups of highly correlated variables, as it can select or drop such 

groups collectively. 

 

Lasso and Elastic Net play crucial roles in variable selection, a process 

essential for constructing more interpretable and parsimonious 

models, especially when the number of predictors is large. Lasso 

achieves sparsity by selecting individual predictors, which is vital in 

high-dimensional settings where many variables may be irrelevant. 
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 Elastic Net, by blending Lasso's sparsity with Ridge's grouping effect, 

ensures that not only are key predictors selected, but highly correlated 

groups of predictors are either retained or eliminated together, 

leading to more stable and interpretable models. This ability to 

automatically select variables while controlling for multicollinearity 

makes these penalized regression techniques indispensable for 

handling complex, high-dimensional datasets efficiently. 

 

Data and Statistical Analysis  

 

The data used in the study were sourced from the recent nationally 

representative demographic and health surveys of Nigeria conducted 

in 2018. The extracted features include environmental factors (aridity, 

rainfall, enhanced vegetation index, minimum and maximum 

temperature), livestock indices (chickens, goats, cattle and sheep) 

topographic variable (slope) and socio-economic variables which 

include insecticide bed-net coverage(ITN), proximity to water and 

night light time while the target variable is malaria incidence. All the 

variables were in continuous form and this necessitated the 

standardization of all the features prior to data analysis. To avoid over-

fitting, the data were divided into training and test set in the ratio of 75 

to 25 and  folds cross validation was adopted in the model building. 

As against the division of the data into the training and test where the 

model is built with training set and evaluated on the test set just one,  

folds cross validation is a resampling procedure with a single 

parameter  that refers to the number of groups that a given data 

sample is to be split into. In this case, we set implying the 

training set is randomly divided into ten parts. Each subset is 

considered as the test set and the remaining subsets are used to train 

the model. Lamda (λ) is the penalty term in regulation algorithm and 

its value need to be determined through cross validation. 10 fold cross 

validation was used to determine λ value for each of the three 

algorithms.  is fixed between 0 and 1. It is zero for ridge, one for 

LASSO and between 0 and 1 for elastic net. 

 

Result 

 

The correlation matrix plot presented in Figure 1 revealed that some 

pairs of the predictors are correlated. For instance, rainfall and aridity; 

rainfall and maximum temperature; livestock sheep and proximity to 

water as well as livestock cattle with correlation coefficients 

 and , respectively. The high correlation 

coefficient value of predictors’ variable pairs is a signal of 

multicollinearity.  
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 Figure 1: Correlation matrix plotfor all predictors 
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Source: Authors’ construct from the data 

 

Feature selection was undertaken using the regulation algorithms 

(ridge, lasso and elastic net). The penalty parameter (λ) of the 

technique was determined with 10 folds cross validation. This value 

was found to be 0.03349, 0.002654 and 0.003659 for the ridge, lasso 

and elastic net, respectively. Figure 2 depicts the cross-validation 

curve (red dotted line), with Poisson deviance, log of penalty 

parameter and number of non-zero predictors (upper horizontal axis). 

The vertical dotted lines along the λ sequence represent two special 

values. The value of λ that yields the least mean cross-validated error is 

lambda. min (first vertical dotted line), and the value of λ that yields 

the most regularized model such that the cross-validated error is within 

one standard error of the minimum is lambda.1se (second dotted 

vertical line).Rows 1, 2, and 3 of Figure 1 correspond to the ridge, lasso, 

and elastic net cross-validation plot for the log of lambda. It is 

important to note from the figure that as λ, the number of non-zero 

coefficients increase. For ridge, no coefficient was shrunk to zero, and 

the thirteen predictors were retained. In the lasso and elastic net, 10 

and 11 predictors, respectively, were retained while others were 

shrunk to zero due to collinearity. 
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 Figure 2: Cross-validation plot for ridge, lasso and elastic net 

 
Source: Authors’ construct from the data 

 

The predictive performance of the three models was evaluated 

based on the optimal value of the penalty term (lambda). LASSO 

outperformed the other two techniques, as evidenced by the lowest 

mean square error value of 2.017042 as against 2.022117 and 2.023353 

for ridge and elastic net, respectively. The coefficient of the optimal 

model presented in Table 1 suggests that the number of predictors 

retained by lasso and elastic net were almost alike except that rainfall 

was retained in lasso while it shrank to zero in elastic net. 

 

Table 1: Coefficient of the optimal model for each algorithm  
RIDGE LASSO ENET RANDOM F 

(Intercept) -1.06526853 -1.06427631 -1.06548993  

Aridity -0.08086620 -0.05088463 -0.05137154  

Enhanced  

Vegetation 

0.06322053 0.06622958 0.07856605  
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 Index 

ITN 

Coverage 

0.03418025 0.03427459 0.03730621  

Livestock  

Cattle 

-0.00438099    

Livestock  

Chickens 

-0.01699454 -0.00851419 -0.01092425  

Livestock  

Goats 

-0.02213552 -0.02239375 -0.02113944  

Livestock  

Sheep 

-0.00311612 
  

 

 Maximum  

Temperature 

0.07813107 0.08358446 0.10248554  

Minimum  

Temperature 

-0.10656113 -0.10923143 -0.13127881  

Proximity 

 to Water 

-0.02276671 -0.01701567 -0.03306583  

Rainfall 0.02102439 . 0.00376650  

Nightlights  

Composite 

-0.05106234 -0.04694075 -0.04433307  

Slope -0.01554965 -0.00633485 -0.01172392  

Source: Authors’ construct from the data 

 

The result obtained with the regularised algorithms was compared 

with ensemble Poisson random forest feature importance. Though the 

performance metric of random forest is far better than all the 

regularisation techniques (r-square 0.612097 versus 0.302387 for ridge, 

0.309929 for lasso, and 0.315714 for elastic net), the number of 

selected predictors was exactly the same as that of lasso. The 

noticeable differences are the kinds of variables, which were mainly 

caused by the behavior of the two techniques in the presence of 

strongly correlated predictors which can be explored further in future 

research. 

 

Discussion of Result 

 

The discussion section critically evaluates the study's findings, with a 

focus on how successfully LASSO, Ridge, and Elastic Net conduct 

feature selection for malaria spread. This section compares the 

advantages and disadvantages of each approach, the relevant 

variables revealed, and the implications of these findings for 

improving malaria prediction models and effecting public health 

actions using mean square errors and R-squared values. 
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 Overview of Key Findings 

 

The study compared the performance of three machine learning 

methods—LASSO, Ridge, and Elastic Net—in detecting critical 

indicators of malaria transmission. With the lowest mean square error 

(MSE) of 2.017042, LASSO outperformed the other regularisation 

methods, including Elastic Net (MSE = 2.023353) and Ridge (MSE = 

2.0222117). The 10 important variables identified by LASSO as having 

the greatest influence on malaria transmission were aridity, enhanced 

vegetation index, ITN coverage, livestock chickens and goats, 

maximum and minimum temperatures, proximity to water, nightlight 

composite, and slope. These variables demonstrate the complexities 

of malaria transmission patterns by identifying a combination of 

environmental, socioeconomic, and infrastructure factors. These 

critical components can be identified while minimising multicollinearity 

across predictors, due to LASSO's capacity to select variables by 

reducing coefficients to zero. 

 

Although the reduced MSE indicated that LASSO surpassed Ridge and 

Elastic Net in prediction accuracy, the Poisson-based Random Forest 

technique generated even more promising results. With a substantially 

lower MSE of 0.006167, the Random Forest model appeared to 

outperform in terms of prediction accuracy. It also showed a higher R-

squared value, indicating that it has greater explanatory power and 

can capture complicated, nonlinear interactions between factors. 

Even though the Random Forest model performs somewhat better, 

LASSO is a significant tool for malaria research because it allows for 

interpretability by picking a smaller sample of important predictors, 

which is critical for a clear understanding of the major drivers. This 

study highlights the combined benefits of regularisation and ensemble 

methods in disease modelling and demonstrates how machine 

learning methodologies may be utilised to build malaria prediction 

models.  

 

Comparison with Previous Literature 

 

The findings of this study, which reveal that Poisson-based Random 

Forest outperforms Ridge and Elastic Net in terms of prediction 

accuracy and that LASSO outperforms Ridge and Elastic Net in 

predicting malaria spread, should be compared to previous work in 

the larger machine learning literature. This section critically evaluates 

previous works that used these regularisation techniques in the context 

of disease modelling, specifically malaria transmission, to draw 

relevant scholarly conclusions regarding their efficacy and limitations. 

LASSO in Disease Prediction: A Common Choice for Variable Selection 
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 LASSO is frequently used in epidemiological studies and illness 

prediction due to its effectiveness in variable selection, especially 

when multicollinearity is present. Only the most significant predictors 

for the model are produced through the LASSO regularisation 

technique, which penalises the absolute value of the coefficients to 

prevent overfitting(Greenwood et al., 2020).This approach has been 

utilised successfully in a variety of disease modelling settings, including 

malaria prediction.Yamba et al., (2023) employed LASSO to 

anticipate malaria transmission in sub-Saharan Africa, with 

temperature and rainfall serving as significant environmental and 

climatic parameters. Researchers were able to make clear 

conclusions about how climate factors affect malaria outbreaks 

because of LASSO's capacity to manage multicollinearity and its 

comparatively high interpretability(Ryan et al., 2020). Similarly, Amadi 

& Erandi, (2024) used LASSO in conjunction with climate data to 

forecast the incidence of seasonal malaria in Senegal and discovered 

that it was a good tool for identifying key variables. 

 

While this study corroborates previous findings about LASSO's efficacy 

in predicting malaria spread, it also makes an important observation: 

even though LASSO outperformed Ridge and Elastic Net in terms of 

mean square error (MSE) and successfully identified significant 

predictors, its overall performance was not significantly superior. Zhao 

et al. (2016) addressed a subtle but important point when they stated 

that, while LASSO gives unambiguous variable selection, it may not 

always produce noticeably better predictions than other approaches, 

particularly when the underlying relationships are complex and non-

linear(Huang et al., 2024). This study's finding that Random Forest 

outperformed LASSO in terms of prediction accuracy, as evidenced 

by a higher R-squared and significantly lower MSE, is consistent with 

Khan et al., (2024) and suggests that the effectiveness of ensemble 

approaches may outweigh LASSO's emphasis on variable selection in 

some cases.  

 

Ridge Regression: Performance and Usefulness in Disease Modelling 

 

Ridge regression is a well-known regularisation technique that, unlike 

LASSO, penalises the square of the coefficients rather than the 

absolute value. This keeps all predictors, albeit in lesser magnitudes, by 

forcing the coefficients to shrink towards zero without totally zeroing 

them  and this is especially useful when there is multicollinearity and all 

predictors are deemed to have some predictive value(Schreiber-

Gregory, 2018). In a study by Yadav & Sharma, (2022) in India using 

Ridge regression in the field of malaria modelling to investigate the 

association between environmental parameters and malaria 
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 incidence. Although ridge regression had the disadvantage of having 

more variables than needed, which could result in less interpretable 

results, it was found to operate effectively when elements were closely 

related(Davis et al., 2019). Despite doing somewhat worse than LASSO 

in this study, Ridge was still able to detect crucial elements that 

contribute to malaria transmission, such as socioeconomic and 

environmental factors.  

 

This confirms the current study's outcome that Ridge is still a 

reasonable alternative for ensuring that all variables are considered 

rather than just one, even though it performs worse than LASSO in 

terms of MSE. The study's findingsthat Ridge and Elastic Net performed 

similarly to LASSO, imply that Ridge could be a valuable tool in other 

instances where new predictors are expected to gradually contribute 

to the prediction task(Ahmed et al., 2022). However, LASSO is 

preferred for malaria transmission, which requires a smaller collection 

of highly significant predictors; The findings reported here call into 

question the concept that Ridge should always function on par with 

LASSO, highlighting the importance of thoroughly investigating disease 

dynamics and accessible information in each situation(Aheto et al., 

2021).  

 

Elastic Net: Combining Strengths of LASSO and Ridge 

 

Elastic Net attempts to strike a balance between variable selection 

and coefficient shrinkage by combining Ridge and LASSO's L1 and L2 

penalties. It has been shown that when predictors are heavily 

correlated, it performs well since it prefers to select groups of 

comparable forecasters rather than individual predictors. Because of 

its capacity to address multicollinearity while maintaining 

interpretability, elastic net is an attractive replacement for 

representing complicated diseases such as malaria(Greenwood et al., 

2020). 

 

Bailey & Prist, (2024) used Elastic Net to forecast the spread of vector-

borne illnesses in tropical regions, including malaria. They found that 

Elastic Net outperformed LASSO and Ridge when environmental and 

socioeconomic factors were significantly correlated. This contrasts 

with the findings of this study, which found that while Elastic Net could 

handle correlated predictors, LASSO performed better. This mismatch 

is caused by the specificity of the malaria transmission statistics 

employed in the study. A clear set of ten predictors that did not 

necessitate the type of inter-correlation handling that Elastic Net 

provides influenced malaria transmission in the current study, making 

LASSO a more basic and efficient alternative(Aheto et al., 2021). 
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Furthermore, the results show that, while Elastic Net works well in some 

cases, it may not always outperform LASSO or Ridge in instances when 

the dataset is constrained or the interactions between predictors are 

straightforward. This observation is consistent with the findings of Hastie 

et al. (2015), who stated that while Elastic Net's benefits become more 

obvious in high-dimensional datasets, simpler approaches such as 

LASSO or Ridge can be adequate in smaller, easier-to-manage 

datasets(Mueni, 2022).  

 

Critique and Synthesis 

 

The study's core finding, that LASSO is the best regularisation approach 

for predicting malaria spread, adds to the expanding body of 

evidence supporting LASSO's efficacy in epidemiological 

modelling(Chen et al., 2018). Nonetheless, Random Forest's 

performance in this work contradicts the notion that regularisation 

techniques are usually superior for prediction tasks involving complex 

disorders(Farhadi et al., 2022). Future malaria transmission research 

should focus on ensemble approaches, as Random Forest's improved 

performance demonstrates its capacity to capture complicated, non-

linear interactions that regularisation techniques may overlook(Lydia & 

Chandrasekar, 2022). 

 

However, the study's findings highlight fundamental challenges about 

how to balance interpretability with model complexity. LASSO 

provides a simple and interpretable model with a manageable 

number of predictors; however, Random Forest's better prediction 

accuracy compromises this interpretability, which is critical for public 

health decision-making. A fundamental problem in machine learning 

applications to malaria modelling and, more broadly, infectious 

disease epidemiology is the tension between model interpretability 

and accuracy(Chen et al., 2018). 

 

The findings of this work imply that LASSO is an excellent strategy for 

discovering key variables in malaria transmission models, particularly 

when multicollinearity is present. Nonetheless, Random Forest's higher 

performance highlights the importance of researching nonlinear 

approaches in future research. More precise and understandable 

malaria prediction models may be achieved by combining multiple 

models or regularisation techniques with ensemble methods(Carneiro 

et al., 2022). Future study should look into how these approaches 

might be coupled to balance model interpretability with prediction 

accuracy, which will lead to more successful malaria control tactics.  
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 Conclusion 

 

This study examined the performance of machine learning 

regularisation techniques—LASSO, Ridge, and Elastic Net—in 

forecasting malaria spread, with a focus on finding significant 

environmental and socioeconomic aspects. LASSO was shown to be 

the most successful of the three regularisation strategies in terms of 

mean square error (MSE). It chose eleven significant characteristics 

that increase the risk of malaria, including temperature changes, 

aridity, vegetation indices, and proximity to water. Despite LASSO's 

performance, a Poisson-based Random Forest model outperformed it 

in terms of prediction accuracy, with a substantially lower MSE and 

more explanatory power. This demonstrates the utility of ensemble 

approaches for difficult, nonlinear sickness prediction problems. 

 

The study's main finding is that, while regularisation techniques such as 

LASSO are effective at identifying important predictors in disease 

modelling, ensemble techniques such as Random Forest have a 

higher predictive capacity for detecting complex, non-linear 

correlations in malaria transmission data. These findings underscore 

the importance of striking a balance between model interpretability 

and accuracy, especially in public health applications. Future 

research should include hybrid modelling approaches that combine 

the predictive capability of ensemble methods with the interpretative 

clarity of regularisation techniques to improve the accuracy of 

malaria forecasting and other epidemiological models.  
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