


Trend Analysis of Malaria Mortality in Ghana from 1980–2023: A Flexible Statistical Modelling Approach
Abstract
Malaria is a public health issue that has continued to be a significant challenge in Ghana despite decades of continuous control interventions. This research aimed to measure the nonlinear dynamics of age-standardised malaria mortality in Ghana over the long run and to overcome the statistical constraints of past trend analyses, which are based on linear or segmented models and do not account for uncertainty in burden estimates. Its goals were to describe sex-specific mortality patterns, determine multi-phase temporal regimes, and generate uncertainty-constrained inference on policy evaluation. Based on the standardised age-specific malaria mortality between 1980 and 2023 in Ghana, using the Global Burden of Disease, a generalised additive model with inverse-variance weighting was estimated to fit nonlinear time curves and adjust for sex disparities. The smooth TV was essential, and the degrees of freedom were 11.07 and F = 270.35 (p < .001). Also, the 96.65% of the deviance was explained by the model, which had an adjusted R² of 0.963. Again, the death rates between females were also significantly lower than those of males (B = -9.31, SE = 0.99, p =.001), with both-sexes series falling between them. The highpoint of mortality was in the early 2000s, when it was close to 130-140 deaths per 100,000, and then reduced to 55-65 per 100,000 by 2023. This study presents a nonlinear modelling framework that is more robust and better than the linear trend methods employed in earlier studies. The conclusions favour long-term ITN and case management coverage, the incorporation of climate-informed early warning systems, and enhancements to mortality surveillance to accelerate the goal of malaria elimination under SDG 3.
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Introduction
Malaria is one of the most endemic health concerns in sub-Saharan Africa, and Ghana is still registering a significant burden of infections despite decades of control efforts (Oladipo et al., 2022; Sarfo et al., 2023; Sarpong et al., 2022; Alum et al., 2025; Mawuli et al., 2025). It is a complex interplay between climatic, environmental, socio-economic, and health system factors that leads to the spread of the disease by the bite of the infected female Anopheles mosquito. The tropical climate, seasonal rains, and the large mosquito breeding areas make Ghana conducive to continued transmission (Sabtiu et al., 2025; Yamba et al., 2025; Akorli et al., 2025). Children below the age of five years and pregnant women are the most vulnerable groups, whereas the malaria mortality impacts all age groups and both sexes (Okova et al., 2025; Adum et al., 2023; Mbishi et al., 2024). Ghana has adopted several malaria control measures over the last 40 years, including insecticide-treated bed nets, indoor residual spraying, intermittent preventive treatment during pregnancy, rapid diagnostic tests, and artemisinin-based combination therapy (Abu Bonsra et al., 2025; Yeboah et al., 2023; Afagbedzi et al., 2023). Such interventions have also led to some decline in malaria morbidity and mortality. Nevertheless, there has not been a steady advancement. Periods of revival have been documented in some periods, usually associated with climatic variability, insecticide resistance, limitations in the health system, and shifts in funding cycles.
The national and global malaria surveillance systems, with reference to the Global Burden of Disease programme, came up with long-term estimates of the prevalence of malaria mortality with uncertainty threshold (Joseph et al., 2022; Sirimatayanant et al., 2023; Cao et al., 2022; Kagoro et al., 2025; Bashir et al., 2025). Such data sets offer the potential for robust trend analysis over long time scales. Understanding the nonlinear temporal dynamics of malaria mortality is needed to understand past intervention effectiveness, the times when policies have helped change the situation, and future malaria eradication efforts.
Although high-quality longitudinal data on malaria burden in Ghana are available, most analyses rely on descriptive summaries and simple linear trend models (Barimah et al., 2025; Oppong et al., 2025; Oheneba-Dornyo et al., 2022). These methods are weak at identifying nonlinear mortality cycles, regime shifts, and the effects of policy periods. A flexible modelling framework is, therefore, needed to reflect the actual temporal mapping of malaria mortality and other interventions to aid evidence-based decision-making in public health.
In sub-Saharan Africa, malaria is one of the most frequent causes of avoidable deaths (Abdulzeid et al., 2025; Kolawole et al., 2023; Sarpong et al., 2022; Nketiah-Amponsah et al., 2025). According to the estimates by the World Health Organisation, Africa is where more than 90 per cent of all people dying of malaria live; West Africa also occupies a significant position (Shin et al., 2024; Sankineni et al., 2023; World Health Organisation, 2022). The research on the Global Burden of Disease estimates that malaria mortality rates decreased considerably during 2000-2015 due to the scaled-up, deliberate measures to control vectors and to effectively treat the disease. Nevertheless, this has started to decrease since 2016, and some countries have recorded stagnation or a reversal of gains (Patouillard et al., 2023; Katushabe et al., 2024; Lawal et al., 2024).
Malaria is consistently among the leading causes of outpatient visits and hospital admissions in Ghana (Tetteh et al., 2023; Peprah et al., 2024; Mintah-Agyeman et al., 2024). According to national surveillance reports, malaria accounts for a large share of deaths among children under five and is a leading cause of adult morbidity (Adjei et al., 2022; Tetteh et al., 2023; Malm et al., 2024; Asante et al., 2025). Long-term mortality projections exhibit significant annual variation, reflecting changes in intervention coverage, climatic factors, and health system performance.
Various interacting factors determine trends of malaria mortality. Climatic conditions (rainfall, temperature, humidity) affect mosquito breeding and evolution (Trzebny et al., 2024; Brown et al., 2023). The exposure risk and treatment-seeking behaviour are influenced by socio-economic factors such as housing quality, urbanisation and access to healthcare (Gbaguidi et al., 2025; Rahaman et al., 2023; Merga et al., 2025). The capacity of a health system is defined by the availability of diagnostics, effective medications, and preventive measures.
Studies have identified various factors that contribute to reduced mortality rates, including increased bed net use treated with insecticide and access to artemisinin-based drugs (Barker et al., 2023; Onyinyechi et al., 2023). Other studies observe that escalating malaria incidence results from insecticide and drug resistance alongside diminished vector-focused program operations (Suh et al., 2023; Kamya et al., 2024). The evolving trend displays complex nonlinear time variations which cannot be sufficiently explained by the simple linear models. In research, time-series analyses are often used to study the data on malaria burden with the help of linear regression, joinpoint regression, segmented regression, or autoregressive models (Segala et al., 2024; Garcia et al., 2024). Even though these techniques are skilful in showing general tendencies and abrupt variations, they fail to record nonlinearities. 
Currently, the trend to use flexible modelling approaches, including Bayesian hierarchical models and spline-based regression, to model the nonlinear dynamics in disease in epidemiological studies is growing (Takramah et al., 2025; Rotejanaprasert et al., 2024). Generalised additive models have been effectively used in climate health analysis, vector-borne disease modelling, and environmental epidemiology. Such models enable the data to identify the form of the temporal trend whilst remaining interpretable and statistically rigorous.
The current body of knowledge on malaria mortality trends in Ghana has been characterised by descriptive statistics and linear or segmented regression, which assume simple time behaviour. These methods do not capture nonlinear mortality cycles, gradual regime changes, or the effects of policy periods that define long-term malaria dynamics. Secondly, uncertainties quantified from global malaria data are not typically used in formal statistical inference, so that all available information is not fully utilised. The study addresses these gaps by applying a generalised additive modelling in forty years of age-standardised malaria mortality rates in Ghana. The model explains the non-linear over-time trends in a very clear way, sex-adjustments and incorporation of the uncertainty by use of inverse-variance weighting. The aim is to measure the actual form of malaria mortality dynamics in Ghana, identify the phases of rapid increases or decreases, and provide a statistically sound baseline for assessing malaria control efforts.
This study makes a new contribution to the research methods used in malaria epidemiology in Ghana by no longer relying on the assumption of a linear trend and by maximising the use of the structure of high-quality global malaria datasets. The results support evidence-based malaria policy, enhanced surveillance and evaluation systems, and a model of advanced disease trend analysis in other high-burden locations.

Materials and Methods
Sources of data and their characteristics
In the study, secondary data were utilised, retrieved from the Global Burden of Disease Results Tool repository, hosted by the Institute for Health Metrics and Evaluation. The data consisted of annual estimates of the malaria mortality rate in Ghana, stratified by age and sex, for 1980-2023. The types of each observation were a point estimate and the lower and upper limits of the uncertainty based on the Global Burden of Disease modelling framework.
The analysis sample comprised 132 analytic observations filtered by Ghana, malaria as the cause of death, rate as the measure, and age-standardised by age group. It had a longitudinal time-series structure with repeated observations by calendar year and sex strata. The age-adjusted malaria death rate was the response variable, expressed per 100,000 population. This was a continuous variable which was strictly positive. The ultimate explanatory variable was the calendar year, which was used as a continuous time index. Sex was also a categorical variable with three groups: male, female, and both sexes. The uncertainty information was provided as lower and upper bounds corresponding to the 95 per cent uncertainty interval. These limits were used to approximate the standard errors for each annual estimate.

Let
 denote the malaria mortality rate in year , 
 denote the lower uncertainty bound,
 denote the upper uncertainty bound.
The standard error was approximated as,
  …………………………………..(1)
The inverse-variance weight for each observation was computed as
  …………………………………..(2)
This weighting scheme assigns greater influence to more precise estimates and down-weights observations with wider uncertainty ranges.
Statistical modelling framework
A generalised additive model was used to model nonlinear temporal dynamics of malaria mortality and sex differences. The generalised additive model is a semi-parametric regression model, in which the linear predictor is a combination of parametric and smooth terms.
The model specification was , ……………………..(3)
where
 is the age-standardised malaria death rate in year  
 is the intercept
 is a smooth function of calendar year
 represents the vector of sex-specific regression coefficients
 is the Gaussian error term
The smooth function  was estimated using penalised thin-plate regression splines. Thin-plate splines give the best low-rank basis on which to estimate smooth functions at a minimum of the integrated squared second derivative, subject to a smoothing penalty. The smoothness parameter was estimated using restricted maximum likelihood.
The penalised likelihood maximised was , ………………..(4)
where
 is the Gaussian log-likelihood
 is the smoothing penalty parameter controls the trade-off between the fidelity to the data and the smoothness of the curve. The effective degrees of freedom quantify the complexity of the estimated smooth function and provide a data-driven measure of curvature.
Estimation and inference
Model estimation was performed using Restricted maximum likelihood with inverse-variance-weights. The weighted likelihood for observation  was
, ……………………..(5)
where  .
The full likelihood was obtained by summing across all years and sex strata. Wald tests were used to test the statistical significance of parametric coefficients. Approximate F-tests based on the spline basis representation have been used to determine the significance of the smooth temporal component. The adequacy of the model was assessed through diagnostics of the residual values and an inspection of the fitted versus observed values. Symmetry and homoscedasticity were observed on Pearson residuals. The temporal structure of the residual was evaluated using plots of residual-versus-time and nonparametric smoothing. These diagnostics were selected to ensure that the nonlinear time series represented the major systematic trend in the mortality series.
Results and discussion
Table 1: Parametric coefficients from GAM 
	Term
	B
	SE
	t
	p

	(Intercept)
	102.5893
	0.7696
	133.309
	< .001

	sex_nameFemale
	-9.3088
	0.9915
	-9.389
	< .001

	sex_nameBoth
	-4.1566
	1.0305
	-4.034
	< .001



Table 1 suggests that there are systematic sex differences in the age-standardised rates of death due to malaria, even after adjusting for the nonlinear temporal relationship represented by the smooth term. The coefficient for females versus males is negative, indicating that females die at a lower rate overall, and the combined series for both sexes lies between the sex-specific series, consistent with population aggregation. It is this sex gradient that is consistent with evidence indicating that malaria risk and outcomes differ across demographic and behavioural backgrounds, both in patterns of exposure and in differences in healthcare utilisation that influence mortality patterns across populations (Sarfo et al., 2023; Peprah et al., 2024). The trend-based publications on Ghana and facility-based analyses generated in the past often explain the disparities among subgroups based on descriptive comparisons or linear models that fail to jointly estimate sex effects and flexible temporal change, which could mask the existing sex gaps in case the underlying trend is nonlinear (Barimah et al., 2025; Malm et al., 2024). The current modelling model makes inferences stronger by estimating sex effects conditional on the nonlinear trend, which further enables more focused programmatic planning of high-risk groups under SDG 3 on health and well-being, and also applies to SDG 10 due to the consideration of subgroup disparities (World Health Organisation, 2022; Lawal et al., 2024).
Table 2: Smooth term significance and complexity in the GAM 
	Smooth
	EDF
	Ref df
	F
	p

	s(year)
	11.066
	12.337
	270.351
	< .001



Table 2 reveals a significant nonlinear temporal effect, with an effective number of degrees of freedom, indicating substantial curvature in the Ghana malaria mortality curve. This result confirms the underlying methodological assumption that malaria mortality in Ghana over the long run is multi-phased rather than linear. There are similar conclusions in the general literature of malaria that refer to cycles as a result of the increase or decrease of intervention, resistance trends, climate variability, and health system disturbances, which can cause gradual accelerations and decelerations and not sharp step changes (Oladipo et al., 2022; Suh et al., 2023; Yamba et al., 2025). The research of many previous studies in Ghana and similar environments is based on joinpoint or segmented regression, which introduces a piecewise linear form and may overemphasise abrupt breakpoints at the expense of gradual changes in regimes that are significant in epidemiology (Segala et al., 2024; Garcia et al., 2024). The fact that the smooth term enables the data to dictate the trend shape, enhancing sensitivity to gradual changes throughout transmission and mortality in line with policy cycles and changing ecology of vectors, makes Table 2 innovative (Takramah et al., 2025; Rotejanaprasert et al., 2024).
Table 3: Model fit indices
	Metric
	Value

	N
	132.0000

	R-squared (adj.)
	0.9628

	Deviance explained (%)
	96.6500

	AIC
	796.0900

	REML score
	405.6595



Table 3 shows that the explanatory performance is high, with high deviance explained and an adjusted R-squared, indicating that the GAM structure is adequate for explaining these rate series. The fit is consistent with the visual similarity between the observed values and the fitted trajectories in Figure 4, indicating that the model captures most of the systematic temporal and sex-specific variation. Interpretation must be in tandem with the characteristics of the data source. They are age-specific standardised mortality rates with uncertainty values and can be synthesised when multiple data sources are used instead of full vital registration, meaning that model fit is assessed by the coherence of the estimated series in addition to the epidemiology (World Health Organisation, 2022). The literature often presents trend direction without conducting a formal test of goodness-of-fit of a flexible model, thereby limiting reproducibility and the interpretation of causality of intervention eras (Oheneba-Dornyo et al., 2022; Barimah et al., 2025). 
Table 3 provides methods for transparency in its methodology, which reinforce evidence-based monitoring for SDG 3 and, indirectly, link to SDG 1 through the role of malaria mortality in poverty and economic vulnerability (Patouillard et al., 2023; Nketiah-Amponsah & Adjotor, 2025).
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Figure 1: Malaria Death rates (age-standardised) in Ghana by sex over time 
Figure 1 reveals a prolonged increase in mortality rates dating back to the early years of the past century and into the early years of the 2000s, followed by a steady decline in the later years of the series, across male, female, and both-sex series. This trend is aligned with regional trends of improvements in malaria burden coinciding with an increase in the scale of the vector control program, diagnostics and effective treatment, followed by changes in the level of the program pressure and climatic variability (World Health Organisation, 2022; Oladipo et al., 2022; Lawal et al., 2024). In Figure 1, the uncertainty bands become broad in certain intervals, reflecting increased estimation uncertainty, which may result from either a poor underlying data density or increased model uncertainty in burden estimation systems. Hundreds of past studies simply show point trends without fully accounting for uncertainty, which can lead to false-positive statements about changes between neighbouring years or brief sub-periods (Sarpong et al., 2022; Sirimatayanant et al., 2023). The definite illustration of uncertainty in Figure 1 is directly related to the research aim of generating strong inference based on the burden information, and it is relevant to the policy priority on enhancing the surveillance and vital statistics system to monitor precision under SDG 3 (Joseph et al., 2022; Kagoro et al., 2025).
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Figure 2: Distribution of malaria mortality rates by sex
Figure 2 shows differences in dispersion and central tendency across sex series, completing Table 1 by showing how sex differences vary over the full-time span rather than at a single point. The observed trend suggests that malaria mortality in Ghana exhibits high- and low-risk periods, a pattern confirmed by the need for models that capture nonlinearities and heteroscedasticity that arise under changing epidemiological conditions and varying program implementation intensity. At times, past Ghana research has been based on shorter windows, series of health facilities, or prevalence data, which may be under-representative of long-run variability in mortality, especially where program and climate conditions vary over decades (Tetteh et al., 2023; Abdulzeid et al., 2025; Barimah et al., 2025). Figure 2 highlights novelty through a distributional perspective, placing sex differences in the context of variability, which should prioritise sustained and consistent coverage of interventions and equity-sensitive approaches to meet SDG 3 and SDG 10 (Afagbedzi et al., 2023; Okova et al., 2025).
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Figure 3: Uncertainty interval width over time by sex
Figure 3 demonstrates that the uncertainty width does not remain constant over time and varies across sex series; hence, the accuracy of the estimated rates varies by period. This is important for interpreting changes over time, as years with greater uncertainty should have less inferential weight than those with lesser uncertainty. Earlier analyses of malaria trajectories commonly assume all yearly figures share the same level of precision, a simplification that can skew trend estimates and obscure policy implications derived from the problematic portions of the series (Sirimatayanant et al., 2023; Cao et al., 2022). The modelling strategy employed here relies on inverse-variance weighting of the uncertainty bounds, effectively transforming Figure 3 from a descriptive illustration into a methodological justification that directly tackles a common constraint in burden-trend studies. This strategy enhances the evidentiary quality for malaria program evaluation aligned with SDG 3 and SDG 17 by fortifying malaria surveillance partnerships and expanding analytical capacity through more comprehensive data (Joseph et al., 2022; Sirimatayanant et al., 2023).
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Figure 4: Generalised Additive Model (GAM) nonlinear trend in malaria death rate by sex
The most thorough concentration of the study’s overall contribution appears in Figure 4. To show the data-driven, smooth description of malaria deaths over decades by gender in Ghana, the confidence interval is used, which defines the uncertainty of the estimated average trajectory. The fitted curves show a gradual acceleration up to a peak period, followed by a steep decline, aligning with the notion that malaria control effects unfold through progressive changes in intervention coverage, treatment access, and vector ecology rather than abrupt shifts (Oladipo et al., 2022; Barker et al., 2023; Takramah et al., 2025). Earlier inquiries anchored to linear trends or piecewise regression may overlook the subtle curvature, mislabelling transitional phases as abrupt jumps or dull plateaus. This misrepresentation undermines the reliability of statistical inferences and the depicted dynamics of a plausible malaria system (Segala et al., 2024; Garcia et al., 2024). Figure 4 is the first instance of flexible trend estimation combined with uncertainty-sensitive weighting and provides a more justifiable basis for detecting policy-relevant periods of development and stagnation. The decline stage facilitates hopefulness in line with elimination-focused discourses in the literature, and it is acknowledged that the potential of resurgence exists in environments with opposition and climate stressors, which require long-term investment to achieve the SDG 3 goals (Sarpong et al., 2022; Suh et al., 2023; Yamba et al., 2025).
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Figure 5: Residual diagnostics for the GAM
Figure 5 confirms the model’s adequacy by showing residuals centred near zero under the modelled outcome and a reasonable error structure for the weighted rate outcome, with minimal evidence of major systematic misfit. This diagnosis is not always performed in applied malaria trend studies, especially in those that describe trends or use simple regressions, which compromises trust in the observed associations and the deduced changes in trend (Oheneba-Dornyo et al., 2022; Barimah et al., 2025). The fact that it is not possible to measure everything and that it still deviates indicates the limitation of the current specification: unmeasured drivers of the observation, including rainfall mis-alignment, temperature change, net coverage changes, insecticide resistance, and healthcare interference are not represented as covariates in the current specification, and thus residual variability can still be due to factors not yet captured (Brown et al., 2023; Trzebny et al., 2024; Suh et al., 2023). This strengthens the evolving research path that integrates climate, intervention coverage, and surveillance quality indicators into flexible models, enhancing mechanistic explanatory power to back SDG 13 through climate-aware health planning and SDG 3 through more effective malaria control evaluation (Oheneba-Dornyo et al., 2022; Yamba et al., 2025).
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Fig. 6: Residuals over time by sex
Figure 6, assesses the temporal structure that remains after the GAM fit. The residual smoothers near zero support the statement that the primary nonlinear trend is effectively explained, and the remaining unexplained time variation is not excessive at the sex-stratified level. This increases trust that the fitted curves in Figure 4 reflect the true long-run structure rather than artefacts of serial correlation per se. Other previous studies with less complex time trend models often report time-dependent variations that are not explicitly evaluated in terms of residual time structure, which is prone to wildly overstate significance and falsely identify turning points (Segala et al., 2024; Garcia et al., 2024). Another limitation is inherent to the type and scope of the data: the analysis based on national age-standardised mortality rates, which facilitates national-level surveillance and cross-temporal comparability, but has a poor ability to identify subnational heterogeneity, recorded in Ghana and in Africa in general, where ecological and socioeconomic gradients affect exposure and access to healthcare (Gbaguidi et al., 2025; Okova et al., 2025; Takramah et al., 2025). This indicates a policy and research agenda to match national trend models with subnational spatial-temporal analyses and enhanced routine surveillance, providing a geographically targeted approach to high-burden areas under SDG 3 and equity gains under SDG 10 (Takramah et al., 2025; Okova et al., 2025).
Using Tables 1 to 3 and Figures 1 to 6, the results can be related to the research objective of measuring the nonlinear dynamics of malaria mortality in Ghana over decades using a model that accounts for uncertainty in the burden estimates. The contribution to the current literature is the replacement of linear or piecewise linear assumptions with a more flexible GAM model, which is coupled with uncertainty-sensitive weighting, and the reporting of model diagnostics, which enhance reproducibility and policy credibility. Such developments underpin the realistic priorities that involve continued coverage of ITN and case management, resistance surveillance and adaptation investment, enhancing surveillance systems and information quality, and climate-sensitive health protection-oriented malaria program planning, which are the most aligned with SDG 3 and related to SDG 13 through the explicit focus on disparities in subgroups and SDG 10 through the explicit focus on disparities in subgroups (Oladipo et al., 2022; Afagbedzi et al., 2023; Kagoro et al., 2025
The multi-decade age-adjusted malaria mortality data for Ghana showed a well-defined nonlinear mortality curve, consistently observed in the male, female, and both-sexes series. The descriptive trends in Figure 1 indicated consistent growth in the early period, peaking around the end of the 1990s and the beginning of the twenty-first century, followed by a sharp decrease in the latest years. This time-series pattern suggests that malaria deaths in Ghana have not decreased in a monotonic fashion, which underlies the assumption that long-term malaria control outcomes are multi-phase and that dynamics are determined by the scale-up of interventions, ecological factors, and the health system's outputs. The trend shape is consistent with larger data that confirm the malaria progress in sub-Saharan Africa has been characterized by periods of rapid gains and periods of slow gains, especially following the early expansions of interventions and the emergence of new insecticide resistance and climate changes (Oladipo et al., 2022; Lawal et al., 2024; Suh et al., 2023; Yamba et al., 2025).
The sex-specific differences were statistically significant and remained significant after adjustment for the nonlinear temporal trend. Table 1 demonstrated that female malaria death rates were lower than male rates during the period under study, and the combined-sex series, predictably, lay between the two sex-specific curves. This trend suggests that sex is a significant stratifier of the risk of malaria mortality in the Ghanaian age-standardised mortality. The sex differentials that remain despite the time-adjustment indicate that there are probably behavioural, occupational, biological and equally health system access systems which lead to disproportional exposure and case fatality by sex groups. The outcome highlights the contrasting malaria results in demographic subgroups and highlights the opportunity to influence the effect of the interventions based on the socio-behavioural environment and preventive actions (Sarfo et al., 2023; Okova et al., 2025; Peprah et al., 2024).
The generalised additive model gave good statistical support, which shows that malaria mortality has a nonlinear progression and not a linear or piecewise. As indicated in Table 2, the smooth term for year was highly significant, and the effective degrees of freedom reflected substantial curvature. This result confirms the study's novelty assumption, namely that Ghana's long-run malaria mortality is inadequately modelled by linear or piecewise linear models, which prevail in the applied trend literature. Hence, this model presents a more believable portrayal of a gradual regime shift, capturing the joint effects of intervention reach, behavioural changes, vector ecology, and climatic factors (Takramah et al., 2025; Rotejanaprasert et al., 2024; Brown et al., 2023). The proposed modelling framework was highly explanatory, as evidenced by the model performance metrics, in explaining the observed national mortality series. Table 3 demonstrated high deviance explained and an adjusted R-squared, indicating that the combination of the nonlinear temporal smooth and sex stratification explained the strong systematic structure of the mortality rates. This reinforces the belief that the fitted curves in Figure 4 are not a statistical artefact but statistical summaries of significant temporal structure in the mortality burden. The good fit also justifies the usefulness of combining flexible epidemiological trend models with national burden data, especially when long-run analysis of the program is needed to track progress on the SDG 3 targets for malaria control and elimination (World Health Organisation, 2022; Sarpong et al., 2022).
One of the most relevant contributions to methodologies is the explicit use and analysis of the uncertainty information reflected in the data set. Figure 3 showed that the widths of uncertainty intervals varied over time and differed among sex series, indicating that annual estimates were not equally precise. This feature is not frequently included in most malaria burden analyses, and annual point estimates are generally considered to be equally precise. Inverse-variance weighting based on uncertainty bounds used in the analytic strategy directly overcame this limitation by giving more weight to more accurate estimates and less weight to noisier periods. It enhances inferential reliability and reinforces the interpretation of policies, particularly to detect stages of accelerated decline or possible stagnation in malaria mortality reduction (Cao et al., 2022; Sirimatayanant et al., 2023).
Model diagnostics were used to justify the appropriateness of specifying a Gaussian GAM for these age-specific mortality rates. Figure 5 indicated that the residuals were usually centred around zero and no overriding structure of the fitted values, whereas Figure 6 indicated that there was a little remaining temporal drift after modelling the nonlinear trend. All these diagnostics suggested that the fitted model reflected the major pattern over time and that the remaining variation was likely due to year-to-year shocks and unmeasured factors such as climate shocks, changes in vaccination coverage, dynamics of resistance, and health system shocks. This makes the modelling approach all the more practically relevant and encourages further efforts to incorporate covariates, including rainfall, temperature, ITN coverage, and resistance surveillance indicators, into the modelling approach to gain a more profound insight into causality (Oheneba-Dornyo et al., 2022; Suh et al., 2023; Yamba et al., 2025).
Conclusion
It was an error-sensitive, methodologically robust evaluation of the long-term dynamics of malaria mortality in Ghana based on age-standardised malaria death rate estimates. Findings indicated that the pattern of malaria mortality in Ghana is highly nonlinear, with a long-term period of increasing mortality up to the late 1990s to the early 2000s, followed by a long-term downward trend since then, extending well into recent years. This data challenges the traditional use of linear or segmented trend models in malaria burden studies and shows that an adaptable modelling method is required to establish long-run mortality shifts in high-burden areas.
The presence of sex differences persisted throughout the study, and females had lower mortality rates than males despite the nonlinear temporal trend. This observation underlines the significance of sex-disaggregated surveillance and indicates that such malaria control policies can be effective through subgroup-sensitive interventions that address exposure patterns, care-seeking behaviour, and disproportionate vulnerability. Uncertainty bounds, both graphically and analytically via weighting, enhanced inference and directly counteracted a major limitation of studies that assume burden estimates are error-free.
The modelling framework to be implemented in the proposed study adds new analytical value to the theory: generalised additive modelling will be paired with uncertainty-aware estimation to produce a more plausible representation of Ghanaian malaria mortality dynamics. The outputs provide a statistically justifiable basis for policy analysis, support the importance of long-term malaria management investments, enhanced surveillance mechanisms, and flexible policies that anticipate resistance and climate pressures. These discoveries align best with SDG 3 in support of reducing malaria morbidity and improving health system responsiveness, with SDG 13 in support of climate-sensitive planning, and with SDG 10 in considering subgroup disparities.
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image4.png
Generalized Additive Model (GAM) nonlinear trend in malaria death rates by sex
Solid line: fitted mean; shaded band: 95% confidence interval; points: observed rates
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Residuals over time by sex
Loess smoother shown to assess temporal structure in residuals
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image1.png
Malaria death rates (age-standardized) in Ghana by sex over time
Points show estimates; shaded bands show lower and upper uncertainty bounds
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Uncertainty interval width over time by sex
Width computed as upper minus lower bound
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