



Empirical modeling of Malaria cases in Erstwhile Mpohor District, Ghana
		
Abstract
This study develops a unified empirical modeling framework to analyze malaria incidence in the Mpohor District of Ghana via monthly surveillance data from 2009–2014 (N = 45,080 cases). The study constructed City-specific, demographic, cumulative, and deviation-from-linearity models to characterize transmission dynamics across four communities (Ayiem, Banso, Manso, and Mpohor) and three population groups (under 5, above 5, pregnant women). Mpohor and Banso reported the highest burdens (14,329 and 14,548 cases, respectively), whereas Ayiem reported a consistently lower incidence. Cumulative modeling revealed an approximately linear long-term increase (slope ≈ 624.1 cases/month; R² = 0.999), whereas deviation analysis revealed outbreak-linked anomalies in 2010, 2012, and 2013. Polynomial trend analysis detected an inflection point around month 80, indicating a shift from an acceleratedto a decelerating transmission phase. Strong intercity correlations (r = 0.998 between Banso and Mpohor) suggest shared ecological drivers. These empirical tools provide an interpretable analytical system for district-level malaria monitoring, enabling targeted vector control and improved forecasting in resource-constrained settings.
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Introduction

Malaria remains a public health challenge in many regions around the world, particularly in sub-Saharan Africa, where it significantly impacts the morbidity and mortality rates of populations, particularly in children under 5 years of age (Sarfo et al., 2023; Merga et al., 2025; Nwakobe, 2025). Ghana is not exempt, with considerable variability in malaria prevalence across its diverse ecological zones and regions. Such variability necessitates district, localized, and empirical research to tailor interventions and policies effectively at the community level. The Mpohor District in the Western Region of Ghana is an exemplary case study because of its unique ecological and socioeconomic characteristics that influence malaria transmission dynamics, characterized by perennial transmission (Bosson-Amedenu et al., 2025; Abdulzeid et al., 2025; Kyei et al., 2025). In Ghana, a substantial body of research has examined malaria through mathematical and statistical modeling, trend analysis, and evaluations of disease burden and intervention strategies at the district, regional, and national levels (Abdulzeid et al., 2025; Barimah et al., 2025).
Additionally, studies have explored public awareness of malaria and adherence to treatment regimens (Obeagu et al., 2025; Kyei et al., 2025; Ekhator et al., 2025). However, there is a notable gap in the literature regarding the temporal analysis of relationships among malaria cases at the community level within districts, particularly through empirical methods. This gap highlights the need for more focused investigations to provide insights into the dynamics of malaria transmission at a more localized scale.

This study presents an empirical analysis of malaria incidence in the Mpohor District, collected over six years from January 2009 to December 2014. By employing empirical modeling techniques, this study categorizes and analyzes malaria incidence by age and vulnerability, focusing specifically on children under five years of age, individuals aged five and above, and pregnant women. Empirical modeling, as applied in this research, uses statistical methods to estimate relationships among variables, providing a compact framework for interpreting complex datasets and forecasting future trends based on historical data. Previous research conducted within the Mpohor District provides important foundational insights into the epidemiological landscape against which the present empirical modeling study expands. Earlier work applying logistic regression identified key individual- and household-level determinants of malaria risk, highlighting how socioenvironmental factors shape vulnerability within the district (Bosson-Amedenu et al., 2016a). Complementary analyses comparing rural and urban communities revealed substantial spatial disparities in malaria incidence, underscoring the role of settlement structure, mobility patterns, and ecological conditions in driving transmission heterogeneity (Bosson-Amedenu et al., 2016b). Furthermore, a dedicated investigation of seasonal variation demonstrated clear intra-annual oscillations in the malaria burden, with trends strongly aligned with rainfall and temperature regimes (Bosson-Amedenu et al., 2016c). Together, these studies established the district's distinctive spatial, demographic, and temporal transmission signatures. The current work extends this literature by introducing a unified empirical modeling framework that integrates city-specific, demographic, cumulative, and deviation-based analyses, thereby providing a more structurally comprehensive and dynamically sensitive understanding of malaria patterns in Mpohor. Further contributions to malaria analytics in Ghana are demonstrated in subsequent modeling and epidemiological evaluations. A nonseasonal ARIMA-based time series analysis provided one of the earliest predictive frameworks for malaria incidence in the Edum-Banso subdistrict, demonstrating that routine surveillance data could be transformed into reliable short-term forecasts for under-five morbidities (Bosson-Amedenu, 2017). This work underscores the feasibility of localized forecasting models in rural Ghanaian settings and highlights the need for district-level decision-support systems. More recently, an evaluation of malaria burden and intervention outcomes among children under five years of age in the Tarkwa-Nsuaem Municipality revealed significant spatial and programmatic determinants of disease, indicating that intervention coverage, health-seeking behavior, and environmental factors jointly influence case reduction (Abdulzeid et al., 2025). Recent modeling empirical work has shown that age-structured population dynamics and mobility significantly shape malaria burden across sub-Saharan Africa, underscoring the importance of stratified empirical analyses that capture heterogeneous transmission patterns at multiple scales (Zabre et al., 2025). Together, these studies expand the evidence base for predictive modeling and impact assessment, reinforcing the importance of localized, data-driven tools, an analytical direction that the present empirical modeling framework builds upon and extends.

Similar quantitative and empirical modeling techniques have been successfully applied across diverse health and socioeconomic research domains, reinforcing the methodological relevance of the present study. For example, predictive modeling and geostatistical mapping have been used to project national cancer burdens in Egypt via GLOBOCAN estimates (El-Kassas et al., 2025). In contrast, large-scale epidemiological modeling has been employed to evaluate temporal patterns and regional disparities in cesarean section rates across Ghana (Bosson-Amedenu et al., 2024). Comparable parametric and trend-based modeling frameworks have also been applied in assessing global cancer incidence and mortality dynamics (Acquah et al., 2024). Beyond health applications, similar mathematical modeling principles have been extended to innovation diffusion studies, demonstrating their versatility in analyzing adoption patterns within firms (Bosson-Amedenu et al., 2024). Collectively, these works show that structured empirical and predictive modeling approaches remain powerful tools for understanding complex, multivariate systems, further supporting their application in current malaria analytics.

The goals of this study are multifaceted. Primarily, this study seeks to uncover temporal patterns and trends in malaria cases at the community level in the Mopohor district, which are essential for identifying the environmental and human factors that may drive these trends. Through detailed empirical analysis, this research aims to make a significant contribution to the body of knowledge on malaria epidemiology in Ghana. The findings are expected to aid policymakers and health professionals in understanding the temporal dynamics and influencing factors of malaria within a specific locality. This study highlights the critical role of empirical modeling in epidemiological research, which has been less explored.

Despite extensive national- and regional-level analyses of malaria in Ghana, district-level empirical modeling remains limited, particularly in perirural districts where ecological and socioeconomic heterogeneity may mask localized transmission pockets. Mpohor District exemplifies this setting, with perennial transmission but spatially variable demographic risks that are poorly represented in national datasets. This study, therefore, addresses a critical analytical gap by developing a structured empirical modeling framework capable of quantifying city-specific, demographic, cumulative, and deviation-based malaria patterns using six years of routine surveillance data.

The novelty of this study lies in the following:
(i) Formulating integrated city- and demographic-specific incidence models,
(ii) applying cumulative and deviation-from-linearity analyses to detect structural shifts,
(iii) evaluating long-term turning points via polynomial trends, and
(iv) quantifying intercity predictability via Pearson correlation structures.

Methodology

The goal of this research is to analyze the incidence of malaria across various communities and demographic groups within the Mpohor District in Ghana over six years (2009–2014). By developing and applying city-specific, demographic-focused, and cumulative models, this study aims to capture overall trends in malaria cases across different locations and vulnerable populations, including children under five, individuals aged five and above, and pregnant women. A key objective is to formulate equations that capture the dynamics of malaria transmission, providing a structured framework for assessing malaria burden across Mpohor District communities and demographic groups. These equations, supported by various statistical models, allow for the identification of high-risk areas and periods, enabling data-driven decision-making for targeted interventions and effective malaria control tailored to the unique needs of each community within the district.

A range of statistical models, including city-specific and demographic-focused equations, were employed to evaluate malaria incidence across communities and population groups. The modeling framework integrates cumulative formulations to characterize long-term patterns and deviation-based structures to detect anomalies in malaria behavior over time. The city-specific incidence model (Equation 1) identifies locations with persistently high case burdens and captures how environmental factors, such as proximity to water bodies, shape spatial disparities. The demographic-focused incidence model (Equation 2) was used to evaluate malaria patterns among key population groups, including children under five years of age and pregnant women, thereby supporting targeted interventions for vulnerable subpopulations. Long-term district-wide trends were examined via the cumulative frequency model (Equation 3), which aggregates data across all communities to reveal major temporal shifts, seasonal peaks, and the influence of malaria control activities. The total case estimation model (Equation 5) provides a comparative assessment of the overall malaria burden across cities with differing population densities and healthcare access, highlighting priority areas for intensified control. Finally, the deviation-based anomaly detection model (Equation 14) identifies months that diverge markedly from expected seasonal patterns, offering insights into unexpected outbreaks or lapses in control efforts. Together, these models form a coherent analytical system for understanding malaria dynamics and informing targeted, timely public health interventions.

2.1 Study site
The district map of Mpohor, shown in Figure 1, offers a detailed view of the geographical context, highlighting the locations of Mpohor, Ayiem, Manso, and Banso, which are central to analyzing malaria case distributions and correlations. Each town's location within the district highlights various ecological and socioeconomic factors that influence malaria transmission dynamics and public health outcomes. Mpohor's central location suggests it is a hub of activity, with higher population density and greater human mobility, potentially increasing the risk of malaria spread. This central position also indicates better access to healthcare facilities and a more effective distribution of malaria control resources, impacting overall district malaria trends (Bosson-Amedenu et al., 2016a,b,c).
[image: ]
Figure 1. District Map of Mpohor, Source: Ghana Statistical Service, GIS (2014)

Ayiem, located in the northern part of the district and appearing more isolated, likely has different malaria transmission dynamics due to lower human mobility. This isolation could reduce malaria spread but also limit access to healthcare and prevention resources, resulting in unique patterns in disease prevalence. Manso and Banso, which are relatively close to each other, might share similar ecological conditions conducive to malaria transmission, such as comparable altitudes, vegetation, and humidity levels. Their proximity suggests that they share similar socioeconomic conditions, which affect malaria transmission rates and the effectiveness of interventions. These insights highlight the importance of considering local variations in malaria transmission dynamics when designing public health interventions.The geographical locations and environmental contexts of Ayiem, Banso, Mpohor, and Manso significantly influence their malaria vulnerability. These factors include land cover, temperature, proximity to water bodies, rainfall, and elevation, each of which affects vector breeding sites and malaria transmission dynamics. Ayiem's land cover, characterized by open and moderately closed vegetation, supports diverse mosquito populations conducive to malaria transmission. The combination of scattered trees and underbrush provides ideal conditions for mosquito breeding, particularly during the rainy season. These findings underscore the need for environmental management strategies to reduce mosquito breeding sites and lower malaria transmission rates (Bosson-Amedenu et al., 2016a,b,c; Anan, 2021; Ankomah, 2019).
Similar land cover and proximity to water bodies enhance mosquito breeding opportunities, increasing malaria risk. Mpohors' varied elevation range and mixed vegetation cover pose unique challenges, as elevation influences temperature and humidity, thereby affecting mosquito development and parasite incubation. Finally, Manso's significant vegetation cover and substantial annual rainfall suggest a high potential for malaria transmission. Each town's environmental attributes interact to shape its vulnerability to malaria, underscoring the need for tailored malaria control and prevention strategies that account for specific local conditions (Ankomah, 2019; Annan, 2021; Bosson-Amedenu et al., 2016a,b,c). Implementing localized interventions based on these attributes can improve the effectiveness of malaria control programs and ultimately reduce the disease burden in the district.

2.2 Study Design
The study used a cross-sectional observational design to assess malaria case patterns across multiple communities in Ghana's Mpohor District over 6 years (2009–2014). This design allows for the collection of data on malaria cases, demographic information, and environmental factors at specific points in time across various communities, providing a snapshot of malaria distribution within the district. The key elements of the study design include the following: the study employs a multicommunity sampling approach across Ayiem, Banso, Manso, and Mpohor, ensuring the representation of diverse environmental and socioeconomic settings to support a comprehensive assessment of malaria transmission dynamics. Retrospective malaria incidence data from healthcare records and community health reports enable analysis of long-term trends, seasonal patterns, and shifts in transmission over six years. The dataset is further segmented by key demographic groups, namely, children under five years of age, individuals above five years of age, and pregnant women, to identify high-risk populations and assess differential vulnerability to malaria. A suite of statistical models, including city-specific and demographic-focused equations, is applied to evaluate malaria burdens across communities and demographic categories, with cumulative and deviation-based formulations incorporated to capture overarching trends and short-term anomalies in incidence patterns.

The sample sizes allocated across the four communities in the Mpohor District were determined to ensure balanced representation that reflects each community's demographic, environmental, and socioeconomic characteristics. Ayiem, representing 25% of the total sample, is situated near dense vegetation and water bodies, areas typically associated with elevated malaria risk; thus, its inclusion provides insight into transmission dynamics in environmentally vulnerable settings. Moreover, 30% of the sample is drawn from one of the largest and most socioeconomically active communities, with mining activities and a diverse population that influence local malaria patterns, warranting a larger sampling proportion. Manso, accounting for 20% of the sample, serves as a mid-sized community with moderate transmission levels, offering a baseline for understanding malaria dynamics in areas with balanced environmental and demographic factors. Mpohor, comprising 25% of the sample and functioning as the district's administrative center with greater healthcare access, provides critical comparative data on how improved health infrastructure influences malaria incidence and outcomes.

2.2.1 Sample Size Determination
 The study did not employ prospective sample-size calculation or power analysis. Instead, the analysis utilized a complete retrospective enumeration of routine malaria surveillance records available for the Mpohor District. Specifically, all confirmed malaria cases reported monthly from January 2009 to December 2014 across four study communities (Ayiem, Banso, Manso, and Mpohor) were included. The resulting dataset comprises 45,080 malaria cases, including both children under five years of age, individuals aged five years and above, and pregnant women. The utilization of the full surveillance dataset eliminates sampling bias, enhances statistical representativeness, and ensures that the empirical models accurately reflect the district-level malaria burden over the study period. Consequently, the effective sample size was determined by data availability and completeness rather than by inferential sample-size assumptions, a choice appropriate for population-level descriptive and empirical modeling studies that utilize routine health records.


2.3 Mathematical Indices and Abbreviations
In this study, we introduce a structured indexing system to represent both geographic locations and demographic groups within the malaria dataset. The index "i" refers to four specific cities: Ayiem, Banso, Manso, and Mpohor. The index "j" categorizes patients into three demographic groups: under 5 years of age (Uf), above 5 years of age (Af), and pregnant (Pw), as outlined in Table 1S. This system allows for consistent representation across our equations and results.

2.4 Empirical models and methodology
In Table 1, we delineate the indices (i,j) used for the mathematical manipulations. The index "i" ranges from 1 to 4, representing the cities Ayiem, Banso, Manso, and Mpohor, respectively. Similarly, the index "j" ranges from 1 to 3, corresponding to different patient categories: under 5 years of age, above 5 years of age, and pregnant women, as detailed in Table 1.

Table 1. List of symbols and abbreviations used.
	
	
	City
	Ayiem
	Banso
	Manso
	Mpohor
	Overall four Townes

	Patient category
	Abbrev.
	Abbrev.
	Ay
	Bs
	Ms
	Mp
	 (Nj)

	
	
	(i,j)
	i = 1
	i = 2
	i = 3
	i = 4
	-

	Under five years
	Uf
	j = 1
	NAy,uf(t)
	NBs,uf(t)
	NMs,uf(t)
	NMp,uf(t)
	(Nuf)

	Above five years
	Af
	j = 2
	NAy,af(t)
	NBs,af(t)
	NMs,af(t)
	NMp,af(t)
	(Naf)

	Pregnant women
	Pw
	j = 3
	NAy,pw(t)
	NBs,pw(t)
	NMs,pw(t)
	NMp,pw(t)
	(Npw)

	All patients categories
	(Ni)
	-
	NAy
	NBs
	NMs
	NMp
	(Nglob)



Given the frequency of malaria cases Ni,j(t) at each month (t) for each city (i) and each patient category (j), the number of malaria cases of the overall patient categories Ni(t) for each city (i) separately, spanning the entire six-year period from 2009 to 2014 (Table 1S), is expressed as follows at each month (t).
The number of malaria cases for each city (i) over the six years (t) is given in Equation (1). This Equation introduces a city-specific aggregation of malaria cases across multiple demographic groups, allowing for detailed temporal analysis by city. By breaking down malaria incidence into monthly city-level frequencies, this model provides novel insights into city-specific dynamics and helps pinpoint locations with consistently high case counts. This granularity enables targeted interventions in high-risk areas based onurban demographics.

                   (1)

Additionally, the number of malaria cases Nj(t) recorded for each month (t) from 2009-2014 for each patient category (j) across the four cities (Ayiem, Banso, Manso, and Mpohor) in Ghana (Table 1S) can be expressed as follows.
The number of malaria cases for each patient category (j) over the specified period (t) is expressed as Equation 2. The novelty of this Equation lies in its demographic-centric approach, aggregating malaria cases across cities within each patient category. This enables understanding of how malaria affects different demographic groups each month, regardless of geographic variation. This study emphasizes the importance of tailoring interventions by demographic needs (e.g., young children vs. pregnant women) and suggests that trends across cities for each demographic might reveal patterns related to healthcare accessibility or biological vulnerability.

                   (2)

Therefore, the frequency of malaria cases Nglob(t) for both overall patient categories and all four cities, each month (t), spanning the entire six-year period from 2009 to 2014 (Table 1S), can be expressed as follows.

The total frequency of malaria cases across all patient categories and cities is represented by Equation 3. This Equation combines all towns and demographic groups into a single, global monthly frequency measure, representing a broad view of the malaria burden at each time point. The novelty here is that it provides a comprehensive, month-by-month understanding of malaria cases as an interconnected system across regions and groups. This global perspective helps understand cumulative pressures on healthcare resources and can guide seasonal planning for malaria prevention strategies across regions.

                   (3)

However, Table 1 also provides an estimation of some total malaria cases spanning the entire six-year period from 2009 to 2014 of the overall patient categories Ni(t) for each city (i) separately (Eq. 5) and those of the overall four cities Nj(t) for each patient category (j) separately (Eq. 6).

2.5 Estimation of total malaria cases

The total number of malaria cases for each city (i) and patient category (j) over the six-year period (t) can be calculated via the following equations:
The total number of cases for each (i,j) pair is modeled by Equation (4). By summing malaria cases over six years for each city and demographic category, this Equation enables long-term analysis of malaria trends within specific demographic groups and locations. The novelty lies in its capacity to reveal persistent, localized patterns that may be influenced by long-term socioenvironmental factors, such as infrastructure or climatic conditions that differ across city demographics. This longitudinal approach highlights the sustained impact of malaria in specific areas and demographic groups.


                  (4)

Equation (4) sums the total number of malaria cases for each city‒patient category pair across the timeframe, taking into account the specific number of cases each year.

The total number of cases for each city (i) is given by Equation 5. Aggregating total cases by city over the entire study period offers a novel approach to city-level analysis, combining all demographic data to provide a holistic measure of malaria's impactwithin each location. Focusing on city-wide data enables comparisons across urban centers, potentially revealing systemic health disparities, geographic risk factors, and differences in malaria management efficacy at the municipal level. This total measure could guide city-specific health policy and resource allocation.

                  (5)

Equation (5) aggregates these data to obtain a total for each city, combining all patient categories.

The total number of cases for each patient category (j) is given by Equation (6). This Equation aggregates cases by patient category across cities over the long term, enabling demographic-centric trend analysis. This novel perspective offers comparative insights into how malaria disproportionately affects certain population groups, regardless of location. Understanding total cases per demographic group over time supports targeted health interventions that address specific vulnerabilities, such as those faced by young children and pregnant women, across regional boundaries.

                   (6)
Similarly, Equation (6) compiles the total cases for each patient category across all cities, offering a demographic perspective.
Where tf represents the final time (tf = 72 months), the total malaria cases (Eq. (7)) spanning the entire six-year period are derived as Equation (7). By calculating the cumulative number of malaria cases across all cities and demographic groups over the whole six-year period, this Equation provides a singular measure of the total burden of malaria, reflecting the scale of the health challenge at the national or multiregional level. This comprehensive summation is novel in its ability to quantify the overall magnitude of malaria cases, which is critical for policy-making, funding allocation, and strategic health initiatives at the highest levels.

                                (7)

The culmination of these data is captured in Equation 7, which integrates all cases across all cities and patient categories to yield a total of 45,080 cases.

This comprehensive analysis provides a nuanced understanding of malaria cases across demographics and geographic regions over the specified period.

Table 2. Total numbers of malaria cases, for different classifications, during the entire six-year period from 2009 to 2014.
	Patients category
	City
	Ay
	Bs
	Ms
	Mp
	All Towns

	
	(i,j)
	i = 1
	i = 2
	i = 3
	i = 4
	Nj,tot

	Uf
	j = 1
	3529a
	3579a
	3591a
	3392a
	1409c

	Af
	j = 2
	3790a
	10533a
	4727a
	10530a
	29580c

	Pw
	j = 3
	129a
	436a
	437a
	407a
	1409c

	All categories
	Ni,tot
	7448b
	14548b
	8755b
	14329b
	Ntot = 45080


	where aNi,j(t); bNi,tot(t); cNj,tot(t).
	
In examining malaria cases across various cities and patient categories, notable trends have emerged, as depicted in Table 2.

Ayiem city has the lowest total number of malaria cases, denoted as NAy,j(t), for two distinct patient categories, satisfying the following condition:

NAy,j(t) <Ni≠1,j(t)

However, an exception arises with NAy,uf(t), indicating a deviation from the observed trend.
In contrast, Banso and Mpohor cities exhibit closely comparable values across all patient categories, which can be attributed in part to their geographical proximity:

NBs,j(t) ≈ NMp,j(t)

Among pregnant women, Manso city has the highest recorded malaria cases, closely rivaling Banso city. This comparison gains significance when factoring in the relative values relative to their corresponding populations:

NMs,pw(t) >Ni≠3,pw(t)

These findings shed light on the varying dynamics of malaria prevalence across cities and patient demographics, underscoring the need for tailored intervention strategies and further investigation into the underlying factors driving these disparities.

3 Results

3.2. Analysis by patient category.

As a first step, we explored variation in the frequency of malaria cases over time (t), recorded monthly from 2009 to 2014, for a given patient category (Ni,j=1,2, or 3) in each city in Ghana. (i=1): Ayiem, (i=2): Banso, (i=3): Manso and (i=4): Mpohor.

3.2.1. Under five years of age.

Fig. 1S shows the variation in the number of malaria cases recorded each month from 2009 to 2014 for patients under five years of age (Ni,uf) in each city (Ayiem, Banso, Manso, and Mpohor) of Ghana.
To compare the statistical values and distributions of the defined malaria parameters, Table 3 presents the main descriptive statistics, such as the arithmetic mean (), confidence interval (CI), standard deviation (SD), coefficient of variation (CV), and standard error (SE), for different defined malaria casesin each city (Ay, Bs, Ms, and Mp) and/or for various patient categories (Ni,j).
The arithmetic mean () over 72 months, from 2009-2014, is expressed in Equation 8. The monthly mean calculation per subgroup provides a normalized view of malaria frequency, facilitating comparisons across subgroups. This Equation's novelty lies in its ability to highlight deviations from the norm, enabling a deeper understanding of trends, seasonal effects, and unusual peaks. Normalization also helps identify stable patterns and deviations, which can inform intervention timing and frequency.

                  (8)

Where tf represents the final time (tf = 72 months), the subscript index (k) can be {(i), (j), or (i,j)}. The confidence interval (CI) is expressed as follows.

                  (9)

The coefficient of variation (CV) is expressed as follows.

                  (10)

Table 3. Descriptive statistics on malaria casesin patients under five years of age Ni,uf(t) or Ni,1(t): arithmetic mean (), confidence interval (CI), standard deviation (SD), coefficient of variation (CV), and standard error (SE).
	Parameters
	
	CI
	SD
	CV (%)
	SE

	NAy,uf
	49.013889
	48.371 – 49.657
	2.7295620
	5.5690
	0.32168196

	NBs,uf
	49.708333
	49.558 – 49.859
	0.63772262
	1.2829
	0.075156332

	NMs,uf
	49.875000
	49.200 – 50.550
	2.8627648
	5.7399
	0.33738007

	NMp,uf
	47.111111
	46.102 – 48.120
	4.2808304
	9.0867
	0.5045007

	Nuf
	195.70833
	194.45 – 196.97
	5.3377146
	2.7274
	0.6290557

	Recapitulation


	Mean
	
	
	
	

	CI
	46.102 – 48.120
	48.371 – 49.657
	49.558 – 49.859
	49.200 – 50.550

	Overlap
	Practically, there is no intersection.
	

	
	
	
	There is an intersection.





3.2.2. Above five years of age.

Fig. 2S shows the variation in the number of malaria casesrecorded each month from 2009 to 2014 for patients aged 5 years and above (Ni,af) in each city (Ayiem, Banso, Manso, and Mpohor) of Ghana.

Similarly, Table 4 presents the main descriptive statistics for different defined malaria casesamong patients aged 5 years and above (Ni,af) for each city (Ayiem, Banso, Manso, and Mpohor) and for all four cities (Naf).

Table 4. Descriptive statistics on malaria cases of patients above five years of age Ni,af(t) or Ni,2(t).
	Parameters
	
	CI
	SD
	CV (%)
	SE

	NAy,af
	52.638889
	45.694 – 59.584
	29.46581
	55.977
	3.472579

	NBs,af
	146.29167
	128.58 – 164.00
	75.14370
	51.366
	8.855770

	NMs,af
	65.652778
	59.968 – 71.338
	24.118931
	36.737
	2.8424432

	NMp,af
	146.25000
	128.53 – 163.97
	75.182360
	51.407
	8.8603262

	Naf
	410.83333
	370.28 – 451.39
	172.04806
	41.878
	20.276058

	Recapitulation


	Mean
	
	
	
	

	CI
	45.694 – 59.584
	59.968 – 71.338
	128.53 – 163.97
	128.58 – 164.00

	Overlap
	Practically, there is no intersection
	Total overlap






This is due principally to the population, as the number of people aged five and above is the greatest.

3.2.3. Pregnant women.

Fig. 3S shows the variation in the number of malaria casesrecorded each month from 2009 to 2014 among pregnant women (Ni,pw) in each city (Ayiem, Banso, Manso, and Mpohor) of Ghana.

Similarly, Table 5 presents the main descriptive statistics for different defined malaria cases among patients aged 5 years and above (Ni,pw) for each city (Ayiem, Banso, Manso, and Mpohor) and for all four cities (Npw).

Table 5. Descriptive statistics on malaria casesinpregnant women: Ni,pw (t) or Ni,3(t).
	Parameters
	
	CI
	SD
	CV (%)
	SE

	NAy,pw
	1.7916667
	1.2365 – 2.3468
	2.3553206
	131.46
	0.2775772

	NBs,pw
	6.0555556
	4.7799 – 7.3312
	5.412268
	89.377
	0.6378419

	NMs,pw
	6.0694444
	5.1173 – 7.0216
	4.0396848
	66.558
	0.47608142

	NMp,pw
	5.6527778
	4.4430 – 6.8625
	5.1324972
	90.796
	0.60487059

	Npw
	19.569444
	16.706 – 22.432
	12.146786
	62.070
	1.4315124

	Recapitulation


	Mean
	
	
	
	

	CI
	1.2365 – 2.3468
	4.4430 – 6.8625
	4.7799 – 7.3312
	5.1173 – 7.0216

	Overlap
	There is no intersection
	Total overlap

	
	
	Total overlap
	






3.2.4. Patient categories for the four cities.

Fig. 2 shows the variation in the number of malaria cases over time (t) recorded each month from 2009 to 2014, separately for each patient category (Nj) and the four combined cities. We observe random fluctuations on either side of the arithmetic mean, as indicated by the dashed red line.





Figure 2. Variation in the number of malaria cases recorded each month from 2009 to 2014 for each patient category (Nj=1, 2, or 3) across all four cities (Ayiem, Banso, Manso, and Mpohor) in Ghana. (a): Patients under five years of age (Nuf); (b): Patients above five years of age (Naf); (c): Pregnant women patients (Npw).Dashed lines: arithmetic mean.

The first plot (a) shows the number of malaria cases over time for patients under 5 years of age across four cities in Ghana from 2009 to 2013. The data points are widely scattered, with distinct peaks, suggesting outbreaks or increased case detection during specific periods. The dashed red line represents the arithmetic mean of the cases, providing a baseline for comparing fluctuations in the data. Despite the random fluctuations, there was a notable spike around mid-2012, emphasizing a significant increase in malaria cases in this age group during that period, which could correlate with seasonal increases in malaria transmission, as noted by previous studies.

The second plot (b) shows the number of malaria cases among patients aged 5 years or older. Similar to the previous chart, the scatter plot shows month-to-month variability in the number of cases. However, unlike the first plot, the data points in this graph do not show a clear seasonal or annual trend, indicating a more consistent year-round risk of malaria for this age group. The arithmetic mean line cuts through the data, suggesting that while there are fluctuations, they do not deviate extensively from the mean. This observation aligns with studies indicating relatively stable malaria incidence in older children and adults, possibly due to acquired immunity.

In the third plot (c), which focuses on pregnant women, the variability in malaria cases appears slightly lower than in the other groups, although fluctuations remain. The peak in cases around late 2012 mirrors trends observed in other vulnerable populations, possibly linked to enhanced surveillance or an actual increase in malaria transmission. The arithmetic mean here serves as a critical reference point, indicating that, while cases vary, they tend to hover around a defined average. This consistent pattern in pregnant women could be due to targeted interventions and continuous monitoring, which have been emphasized in malaria control programs.

To compare the statistical values and distributions of the defined malaria parameters, Table 6 presents the main descriptive statistics, such as the arithmetic mean (), confidence interval (CI), standard deviation (SD), coefficient of variation (CV), and standard error (SE), for different defined malaria casesin each city (Ay, Bs, Ms, and Mp) and/or for various patient categories (Ni,j).

Table 6. Descriptive statistics on malaria cases recorded each month from 2009 to 2014 for each patient category (Nj) for all four cities (Ayiem, Banso, Manso, and Mpohor) in Ghana.
	Parameters
	
	CI
	SD
	CV (%)
	SE

	Nuf
	195.70833
	194.45 – 196.97
	5.3377146
	2.7274
	0.6290557

	Naf
	410.83333
	370.28 – 451.39
	172.04806
	41.878
	20.276058

	Npw
	19.569444
	16.706 – 22.432
	12.146786
	62.070
	1.4315124

	Nglob
	626.11111
	584.35 – 667.87
	177.16647
	28.296
	20.879269


	Recapitulation


	Mean
	
	
	

	CI
	16.706 – 22.432
	194.45 – 196.97
	370.28 – 451.39

	Overlap
	There is no intersection






3.2.5 Analysis by city.

As a second step (Table 7), we explored variation in the frequency of malaria cases over time (t) recorded each month from 2009 to 2014 across all patient categories (Ni = 1, 2, 3, or 4) for each city separately. (i=1): Ayiem, (i=2): Banso, (i=3): Manso and (i=4): Mpohor.

		
Table 7. Descriptive statistics on malaria cases recorded for each month from 2009 to 2014 of the overall patients' grouped categories (Ni) for each city separately.
	Parameters
	
	CI
	SD
	CV (%)
	SE

	NAy
	103.44444
	96.267 – 110.62
	30.452868
	29.439
	3.5889049

	NBs
	202.05556
	183.95 – 220.16
	76.823538
	38.021
	9.0537408

	NMs
	121.59722
	115.73 – 127.46
	24.873007
	20.455
	2.9313120

	NMp
	199.01389
	180.79 – 217.24
	77.310148
	38.847
	9.1110883

	Nglob
	626.11111
	584.35 – 667.87
	177.16647
	28.296
	20.879269


	Recapitulation


	Mean
	
	
	
	

	CI
	96.267 – 110.62
	115.73 – 127.46
	180.79 – 217.24
	183.95 – 220.16

	Overlap
	There is no intersection
	

	
	
	
	Total overlap






This is due principally to populations such as the previous inequality related to the number () of patients above five years of age.






Figure 3. Variation in the number of malaria cases over time (t) recorded each month from 2009 to 2014, for the overall patient groups (Ni) in each city. (a): Ayiem, (b): Banso, (c): Manso, and (d): Mpohor.

In the city of Ayiem (a), the plot shows a variation in malaria cases from 2009 to 2014, with a peak around mid-2013. The mean line, marked by a dashed red line, indicates an average of 103.44 cases per month. This suggests either control over malaria transmission or effective medical interventions, as indicated by a relatively low mean malaria transmission rate compared with other regions. However, the significant peaks suggest sporadic outbreaks or seasonal increases in transmission, which align with ecological factors that influence malaria epidemiology.

Moreover, (b) has a higher arithmetic mean of 202.08 cases per month, reflecting a more substantial burden of malaria. The fluctuations are more pronounced, with several high peaks, especially in early 2011 and late 2012. This could indicate variable effectiveness of malaria control programs or changes in vector distribution. The high mean value and sharp peaks may also imply greater population density or ecological factors favorable to mosquito breeding.

The plot for Manso (c) shows a mean of 121.8 cases, with fewer extreme peaks thanBanso does, yet it displays consistent variability over the observed period. This might suggest an intermediate level of malaria transmission compared with other cities, possibly due to variations in health infrastructure or community awareness programs. The data oscillate around the mean, suggesting a balanced interplay between outbreak spikes and periods of lower transmission.

Finally, Mpohor (d) shows the highest mean among the four cities at 188.01 cases per month, indicating a severe malaria burden. The frequent and high peaks throughout the period suggest persistent high transmission levels, potentially exacerbated by environmental and socioeconomic factors conducive to malaria proliferation, such as inadequate healthcare facilities or water bodies that serve as mosquito breeding sites. These high mean and frequent peaks underscore the need for enhanced malaria control measures in Mpohor.

3.5 Global analysis for the set of four cities

Given the zigzags observed in Fig 3, which are interpreted globally and represent random algebraic variations on either side of an arithmetic mean, we consider the probable existence of other non-dominant causes specific to each city or patient category that are hidden by these global random fluctuations.
To do this, we start with the evolution over time (Fig. 4) of the frequency of malaria cases, Nglob(t), for both the overall patient categories and the four cities each month (t).



Figure 4. Variation in the frequency of malaria cases Nglob(t) for both overall patient categories and overall four cities at each month (t) spanning the entire six-year period from 2009 to 2014.

This plot aggregates monthly malaria case counts across all patient categories and all four cities from 2009 to 2014. The dashed red line indicates the arithmetic mean of 626.11 cases per month, highlighting the substantial overall burden of malaria. Notably, several peaks, particularly around December 2010 and October 2012, suggest significant outbreaks or increased transmission during these periods. These spikes could be associated with seasonal variations in mosquito populations, a factor well-documented in malaria transmission dynamics. The plot also shows a wide range of case counts each month, indicating that malaria transmission is not consistent but rather fluctuates widely, potentially influenced by factors such as rainfall, temperature changes, and the effectiveness of local malaria control strategies. The high overall mean and sharp peaks highlight the persistent challenge of malaria control, underscoring the need for continuous, adaptable public health strategies to effectively manage and mitigate malaria transmission.

Roughly speaking, the asymmetrical fluctuations around the arithmetic mean in Fig. 4 suggest a probable fine phenomenon of low effect that occurs onspecific dates. For this purpose, we use the Riemann integral and plot the cumulative frequency Cumglob(t).
Therefore, as a second step, we plot (Fig. 4S) the cumulative frequency Cumglob(t) (Eq. 11) for all four cities in each month spanning the entire six-year period from 2009 to 2014 (Table 1S). We assume that we have a zero-cumulative frequency at zero months to permit mathematical continuity and to perform the derivative of Cumglob(t) with respect to time (Eq. 12) to find (Nglob)-values over time (t≥1). The cumulative frequency equation provides a time-integrated view of malaria cases, producing a running total that reveals long-term trends and periodic spikes or declines. This cumulative approach is novel in showing the collective malaria burden over time, uncovering hidden seasonal or intervention-related effects that may not be evident in monthly figures. Tracking cumulative cases makes it easier to visualize the effectiveness of interventions over prolonged periods.

                   (11)

Where (θ) represents the time in months (1≤θ≤t) (Table 2S).

                             (12)

Owing to the assumption of the zero-cumulative frequency at the zero-month, the linear fit must be forced through zero, where the corresponding slope represents the arithmetic mean. , which is expressed as follows.

                      (13)

To reveal the possible and probable specific causes of the asymmetrical fluctuations in Fig. 4, we plotted the deviation to linearity (Eq. (14)) of the cumulative frequency of malaria ΔCumglob(t) as well as the ratio ΔCumglob(t)/t and the product ΔCumglob(t)×t in Fig. 5. Equation (14) captures deviations from expected trends, offering a novel diagnostic tool to identify unusual patterns in malaria case accumulation. By calculating deviations from linearity, the model highlights points of significant change that may indicate external factors affecting transmission, such as climatic events, health interventions, or policy shifts. This analysis of deviations provides a sophisticated approach to understanding factors that impact malaria trends and can inform adjustments to intervention strategies.

ΔCumglob(t) = Cumglob(t) – Cumlin(t)        (14)





Figure 5. Variation of the deviation from the linearity of the cumulative frequency of malaria (Eq. 14) recorded for each month from 2009 to 2014 for all four cities in Ghana. (a): ΔCumglob(t); (b): ΔCumglob(t)/t and (c): ΔCumglob(t)×t.

In plot (a), the variation in the deviation from the cumulative frequency of malaria cases, ΔCumglob(t), shows significant fluctuations. The data reveal notable deviations, particularly in February and November 2010, August 2012, and September 2013, where the peaks suggest unusual changes in malaria case accumulation. This could be related to external factors such as healthcare interventions, changes in local health policies, or environmental changes affecting mosquito populations, as suggested by studies on malaria epidemiology. These deviations from the expected linear trend underscore the need for detailed investigations at these points to identify possible causes or anomalies in data reporting.

Plot (b) represents the normalized deviation of the cumulative frequency of malaria cases per month, ΔCumglob(t)/t. This normalization shows a steep increase until approximately November 2010, stabilizing somewhat before rising again around August 2012 and peaking sharply in September 2013. The relatively stable period might indicate effective malaria control measures during those times, while the sharp increases could reflect lapses in control efforts or external epidemiological pressures, such as increased mosquito breeding rates following heavy rainfall. This pattern suggests that changes in malaria incidence are not merely due to natural fluctuations but could also be influenced by programmatic changes or external disruptions.

In plot (c), the product of the deviation and time, ΔCumglob(t)×t, highlights the impact of time on the deviation magnitude, emphasizing the increasing influence of cumulative deviations over time. The significant peaks in February 2010 and September 2013 suggest that the effects of factors contributing to these deviations became more pronounced over time, possibly due to the cumulative nature of untreated cases or uncontrolled mosquito populations. This metric can help identify periods where the cumulative effects of deviations are most significant, suggesting times when interventions either became less effective or when external challenges were exceptionally high. This perspective could guide targeted responses during times predicted to be most vulnerable to malaria spikes.

3.6 Cumulative analysis by city.

                   (15)

Where (θ) represents the time in months (1≤θ≤t).







Figure 6. Variation of the deviation from the linearity of the cumulative frequency of malaria (Eq. 14) recorded for each month from 2009 to 2014 of the overall patients' grouped categories (Ni) for each city separately.. (a): ΔCumAy(t); (b): ΔCumBs(t); (c): ΔCumMs(t); and (d): ΔCumMp(t).

In plot (a), focusing on Ayiem, the deviation ΔCumAy(t) from the expected linear cumulative frequency of malaria cases shows a notable decreasing trend until approximately mid-2011, followed by a gradual increase with some fluctuations until a peak in May 2014. This pattern might suggest that specific malaria control measures are initially effective, but their effectiveness or adherence decreases over time.
Plot (b) presents the deviations for Banso, ΔCumBs(t), which decline sharply until October 2010, followed by a significant increase that peaks in August 2012. This trend could reflect seasonal effects or external interventions that initially led to a substantial decrease in malaria cases, which then rebounded, possibly due to resistance or reduced control efforts.
In plot (c), representing Manso, ΔCumMs(t) fluctuates around the zero line, with notable deviations in May 2009 and August 2013. The relative stability compared with the other cities might indicate consistent malaria control efforts or less environmental variability affecting mosquito populations in this region.
Finally, plot (d) for Mpohor, ΔCumMp(t), shows a steady decrease in deviations until October 2010, followed by a sharp rise peaking in August 2012, similar to Banso. This might reflect parallel regional factors influencing malaria control or similar strategies employed across these regions, with varying levels of sustainability and success. The substantial deviation during these peaks might warrant further investigation into specific local conditions or events that could have driven these changes.
Each city's pattern of deviation underscores the complexities of malaria control, which is influenced by a mixture of environmental factors, healthcare strategies, and possibly socioeconomic conditions, requiring tailored approaches for effective management.

3.7 Cumulative patient categories

                   (16)

Where (θ) represents the time in months (1≤θ≤t).





Figure 7. Variation in the linearity of the cumulative frequency of malaria (Eq. (14)) recorded for each month from 2009 to 2014 for each patient category for all four cities (Ayiem, Banso, Manso, and Mpohor) in Ghana. (Table 2S). (a): ΔCumUf(t); (b): ΔCumAf(t) and (c): ΔCumPw(t).
In plot (a), ΔCumUf(t) represents the deviation in the cumulative frequency of malaria cases among patients under five years of age. There was a notable downward trend until August 2011, suggesting a decrease in malaria cases or the effective implementation of interventions during this period, which is crucial given the high vulnerability of this age group to malaria. However, the trend reversed after August 2011, peaking sharply in February 2014. This reversal might indicate lapses in malaria control or changes in external conditions that enhance transmission, necessitating further investigation to understand the drivers of these fluctuations.
Plot (b) shows ΔCumAf(t) for patients above five years of age. This graph reveals a substantial deviation, with a steep decline from November 2010 onward, suggesting initial success in reducing malaria cases. The curve then increased, peaking in August 2012 and again in September 2013, suggesting a possible resurgence in malaria cases or a decrease in the effectiveness of control measures during these periods. Such trends may be related to waning immunity or changes in malaria transmission dynamics, both of which are essential for guiding malaria control strategies in this population.
Plot (c) tracks the deviation ΔCumPw(t) for pregnant women, a critical group due to the high risk that malaria poses to both maternal and infant health. The plot shows fluctuations with significant deviations in November 2011 and October 2013. The variability in this plot could reflect changing access to prenatal care and malaria prevention services or variable adherence to preventative measures among pregnant women. Understanding these patterns is crucial for effectively targeting interventions to reduce the impact of malaria on maternal and child health.
Each plot underscores the importance of sustained and adaptive malaria control measures tailored to the specific vulnerabilities and transmission dynamics of each patient category. This approach ensures that interventions remain effective over time and that emerging challenges are addressed promptly.

Finally, we conclude that there is a weak correlation between different numbers of malaria cases and time (Table 2S), that there is negligible evolution over time, for which we observe some fluctuations around a certain average, and that the cumulative technique can differentiate between random deviations and those due to a specific event occurring ona certain date.

3.8 Mutual correlation.

Additionally, when the time parameter was omitted as an independent variable, Pearson correlation analysis (Table 8) revealed strong correlations between different types of malaria cases.


Table 8. Mutual Pearson's correlation coefficients (r), between the number of malaria cases of the overall patient categories Ni(t) for each city (i) separately, and the number of malaria cases Nj(t) recorded for each month (t) from 2009to2014 of each patient category (j) for the overall four cities (Ayiem, Banso, Manso and Mpohor), as well as the frequency of malaria cases Nglob(t) for both overall patient categories and overall four cities at each month (t) spanning the entire six-year period from 2009 to 2014.

	r/
	Ni=1
	Ni=2
	Ni=3
	Ni=4
	Nj=1
	Nj=2
	Nj=3
	Nglob

	Ni=1
	1.00000000
	0.3729538
	0.48289783
	0.3649489
	-0.02440583
	0.56252290
	0.2205662
	0.5606584

	Ni=2
	0.37295378
	1.0000000
	0.25701955
	0.9981028
	0.14907280
	0.96540340
	0.3989435
	0.9693559

	Ni=3
	0.48289783
	0.2570196
	1.00000000
	0.2418207
	-0.09807207
	0.44588213
	0.1505995
	0.4403710

	Ni=4
	0.36494893
	0.9981028
	0.24182069
	1.0000000
	0.18042675
	0.96085649
	0.3984529
	0.9658514

	Nj=1
	-0.02440583
	0.1490728
	-0.09807207
	0.1804267
	1.00000000
	0.08678364
	0.1605258
	0.1254105

	Nj=2
	0.56252290
	0.9654034
	0.44588213
	0.9608565
	0.08678364
	1.00000000
	0.3424149
	0.9972007

	Nj=3
	0.22056619
	0.3989435
	0.15059952
	0.3984529
	0.16052581
	0.34241488
	1.0000000
	0.4059202

	Nglob
	0.56065841
	0.9693559
	0.44037099
	0.9658514
	0.12541054
	0.99720068
	0.4059202
	1.0000000


Green: strong correlation; yellow: negative small coefficient; blue: strong correlation with global data.
[image: ]
Figure 8. Mutual Pearson's correlation coefficient of malaria cases
The heatmap (Figure 8) above illustrates the mutual Pearson correlation coefficients for malaria cases recorded from 2009 to 2014 for each city (Ayiem, Banso, Manso, and Mpohor) and each patient category (under-five children, above five years old, pregnant women, and overall). The heatmap provides a visual representation of the strength and direction of the relationships between these variables.
The correlation coefficients range from -1 to 1, where 1 indicates a perfect positive correlation, -1 indicates a perfect negative correlation, and 0 indicates no correlation. The color gradient from blue to red represents the strength of the correlation, with blue indicating negative correlations and red indicating positive correlations.
Several strong correlations are observed in the heatmap. Notably, the correlation between the number of malaria cases in Banso (Ni=2) and Mpohor (Ni=4) is exceptionally high (0.998), suggesting that malaria incidence trends in these two cities are almost identical. Similarly, the correlation between the number of malaria cases in Mpohor (Ni=4) and the overall number of malaria cases (Nglob) is also very high (0.965), indicating that trends in Mpohor strongly influence the overall malaria incidence.
On the other hand, some correlations are relatively weaker. For example, the correlation between the number of malaria cases in Ayiem (Ni=1) and the number of malaria cases among children under 5 years of age (Nj=1) is slightly negative (-0.024), indicating a weak, inverse relationship. These findings suggest that malaria trends in Ayiem do not closely mirror those observed among children under 5 years of age across the four cities.
The heatmap also highlights the correlation between the overall number of malaria cases (Nglob) and other categories. The correlations are generally substantial, particularly with the number of malaria cases in Banso (0.969) and Mpohor (0.966). These findings indicate that trends heavily influence overall malaria incidence rates in these two cities.
Nevertheless, a closer analysis of the Pearson correlation (Tables 3S to 4S) shows that, when controlling for time, we can discuss a probable causal relationship between certain types of malaria cases (see highlights in green).
Subsequently, we can also consider predicting the number of cases that may occur in a city based oninformation from another city, for example.





Figure 9. Strong linear correlation due to the high value of mutual Pearson's correlation coefficients (r); (a) from Table 5S. (b) Table 6S).


Likewise, based on Pearson's results, we can predict specific outcomes from the global data.





Figure 10. Some strong linear correlations are due to the high values of mutual Pearson's correlation coefficients (r) (Table 7S).
The analysis of the Pearson correlation coefficients across five plots provides insightful evidence on the relationships between malaria case counts in different cities and categories. Each plot highlights a key aspect of malaria epidemiology, offering a detailed perspective on how intercity data can predict and potentially control malaria incidence.
The first plot shows a nearly perfect correlation (r = 1.00442) with an R² of 0.95205 between total malaria cases in Banso and Mpohor. This close relationship suggests that both cities, sharing similar ecological and socioeconomic environments, exhibit parallel trends in malaria incidence, enabling reliable predictive modeling from one city's data to another. The second plot focuses on malaria cases among the adult population and demonstrates a strong correlation (R² = 0.95978) between Banso and Mpohor. This consistency indicates that factors affecting malaria transmission among adults, possibly including work-related exposure or community interactions, are similar in both cities. This concept of demographic-specific disease transmission patterns suggests that targeted public health interventions should account for these demographics to achieve more effective disease management. The third plot, which illustrates a correlation between global malaria cases and those in Mpohor, shows a high R² value (0.94233), highlighting how local malaria trends can mirror broader regional dynamics. This suggests that effective control in key regions can influence overall disease management, underscoring the importance of localized interventions in shaping broader public health outcomes.
In the fourth plot, the correlation is extended to examine cases within the working-age population, revealing a strong alignment (R² = 0.94231) that underscores the influence of similar economic and social behaviors on malaria transmission. Finally, the fifth plot provides a comprehensive view of the correlation between all city-specific cases and global trends, with an exceptionally high R² of 0.97442. This strong correlation is crucial for developing a cohesive strategy across regions, as it confirms that regional trends can significantly inform understanding of global malaria dynamics. These plots collectively underscore the interconnected nature of malaria epidemiology across different areas and demographics. They highlight the potential to use statistical correlations from localized datasets to predict broader trends, thereby aiding the formulation of targeted and effective malaria control strategies.





Figure 11. Variation in the number of malaria cases over time (t) recorded for each month from 2009 to 2014 among patients under five years of age (Ni,uf) in four cities in Ghana. (a): Ayiem, (b): Banso, (c): Manso, and (d): Mpohor.
Figure 11 illustrates variations in malaria cases among children under 5 years of age from 2009 to 2014 across four Ghanaian cities. In Ayiem, sporadic declines (e.g., July 2009, October 2012) suggest seasonal or intervention effects, but high baseline case counts persist. This figure also shows cyclical trends with peaks and troughs, indicating that environmental factors influence malaria transmission. Manso experienced early reductions (e.g., April 2009) but remained vulnerable to occasional spikes. Mpohor revealed notable decreases (e.g., October to November 2010, November 2013), yet endemicity persisted. These patterns underscore the need for sustained, location-specific malaria control measures that target seasonal and environmental drivers to reduce persistent high case numbers.The analysis of malaria cases among children under five years of age in four Ghanaian cities highlights a significant burden of the disease, with persistent high baseline cases and sharp periodic declines. Seasonal trends and intervention impacts appear to influence case variations, but overall vulnerability remains substantial. These findings emphasize the critical need for enhanced malaria prevention and treatment strategies targeted at this high-risk age group. Tailored interventions, including improved healthcare access, vector control, and community education, are essential for reducing persistent endemicity and safeguarding the health of children under five years of age in these regions.





Figure 12. Variation in the number of malaria cases over time (t) recorded for each month from 2009 to 2014 among patients above five years of age (Ni,af) in four cities in Ghana. (a): Ayiem, (b): Banso, (c): Manso, and (d): Mpohor.
Figure 12 shows monthly variations in malaria cases from 2009 to 2014 for patients aged 5 years or older in four Ghanaian cities. In Ayiem, cases fluctuated consistently, peaking at 62.839, suggesting seasonal influences. Banso experienced dramatic fluctuations, reaching 148.28, indicating high vulnerability. Manso showed moderate fluctuations, peaking at 85.853, with occasional spikes highlighting periods of vulnerability. Mpohor resembled Banso, with a peak of 148.25 and persistent variability. These trends emphasize the need for sustained, tailored malaria control measures in each city, particularly during high-transmission periods influenced by environmental or seasonal factors.The analysis of malaria cases among patients above five years of age in four Ghanaian cities revealed persistent fluctuations and periodic spikes across all locations, underscoring the endemic nature of malaria in these populations. Peaks in cases suggest seasonal or environmental influences, whereas variations across cities highlight localized vulnerabilities.





Figure 13. Variation in the number of malaria casesrecorded each month from 2009 to 2014 among pregnant women (Ni,pw) in four cities in Ghana. (a): Ayiem, (b): Banso, (c): Manso, and (d): Mpohor.
Figure 13 shows monthly variations in malaria cases among pregnant women from 2009 to 2014 in four Ghanaian cities. Ayiem had sporadic fluctuations, with a peak at 1.7917, indicating intermittent control measures. Banso experienced greater variability, peaking at 8.0558, reflecting increased vulnerability. Manso showed moderate fluctuations, peaking at 8.0884, highlighting the need for localized interventions during outbreaks. Mohor displayed persistent variability, peaking at 6.8528, underscoring the importance of sustained malaria control. These patterns emphasize the need for consistent prenatal care, access to insecticide-treated nets, and targeted maternal health programs to protect pregnant women.


Figure 14. Variation in the cumulative frequency of Cumglob(t) malaria cases recorded each month from 2009 to 2014 for all four cities in Ghana (Table 2S).
Figure 14 depicts the cumulative frequency of malaria cases (Cumglob(t)) from 2009 to 2014 across four Ghanaian cities, showing a steady linear increase (y = 624.134x). The substantial R2 value indicates a persistent malaria burden over time, with no significant reductions. This consistent trend highlights the endemic nature of malaria and suggests a limited impact of interventions during this period. These findings emphasize the need for intensified, coordinated malaria control strategies, including the widespread use of insecticide-treated nets, improved access to treatment, and sustained public health campaigns, to disrupt transmission dynamics and curb the rise in cumulative cases.





Figure 15. Variation in the cumulative frequency of malaria CumNi(t) recorded for each month from 2009 to 2014 for each city in Ghana (Table 2S).
Figure 15 shows the cumulative frequency of malaria cases (CumNi(t)) recorded monthly from 2009 to 2014 for four Ghanaian cities. In Panel (a), Ayiem exhibits a consistent linear increase, as represented by the equation y=103.513x, reflecting a steady accumulation of cases without significant variation. This suggests a persistent malaria burden in the city.
Panel (b) shows Banso, where the cumulative frequency increases linearly with a steeper slope (y=201.201x), indicating a higher rate of malaria case accumulation than Ayiem. This highlights Banso's elevated malaria burden, suggesting the need for targeted interventions.
In Panel (c), Manso follows a moderate cumulative trend (y = 120.718x), demonstrating a slower rate of increase than Banso but still indicating consistent malaria transmission over the years. This suggests a stable yet significant impact of malaria in the region.
Panel (d) depicts Mpohor, with the highest rate of increase (y=193.702x) after Banso. The consistent linear growth underscores the city's sustained malaria burden, indicating the need for enhanced malaria control measures. Collectively, these trends across all cities highlight the need for location-specific interventions to address the persistent endemicity of malaria in Ghana.




Figure 16. Variation in the cumulative frequency of CumNj(t) malaria cases recorded each month from 2009 to 2014 for each patient category in Ghana (Table 2S).
Figure 16 illustrates the cumulative frequency of malaria cases (CumNj(t)) recorded monthly from 2009 to 2014 across different patient categories in Ghana. Panel (a) shows a consistent linear increase (y = 129.81x) for one patient category, suggesting a steady accumulation of malaria cases, likely due to endemic transmission with minimal variation.
Panel (b) depicts a steeper linear trend (y=403.1x), reflecting a significantly higher rate of malaria case accumulation for another category. This rapid increase highlights greater vulnerability or exposure among this group, emphasizing the need for targeted interventions to address the elevated burden.
In Panel (c), a more gradual increase (y = 19.424x) is observed, indicating the slowest accumulation rate among the categories. This suggests comparatively lower exposure or better prevention measures in place for this group, although the consistent rise indicates ongoing malaria transmission.
These findings highlight the varying burdens of malaria across patient categories, underscoring the importance of tailored strategies to address each group's specific needs. Interventions should prioritize the most vulnerable populations while maintaining preventive measures for all groups to achieve sustained reductions in malaria transmission.
3.9 Long-term trend structure and inflection analysis
To complement the earlier empirical models, we examined the broader trajectory of malaria incidence using polynomial fitting, cumulative frequency differentiation, and inflection-point estimation. A second–to fourth-degree polynomial fit revealed an apparent rise–then-decline structure, with the optimal model indicating a significant turning point at approximately tc ≈ 80 months, corresponding to the period when the monthly incidence peaks before beginning a sustained decline. Figure 17 shows this behavior and the corresponding fitted curves. The cumulative incidence curve, Cum(Ic), further highlights this structural shift. The curve exhibits an S-shaped pattern with an inflection point at tc = 80, confirming the empirical transition from an accelerated phase (0–80 months) to a delayed/decelerating phase (t > 80). Differentiating Cum(Ic) reproduced the monthly incidence pattern with close alignment, validating the cumulative formulation as a robust smoothing and diagnostic tool. This long-term structure suggests that malaria transmission in the district is shaped by multiyear cycles, potentially reflecting programmatic improvements, vector–ecological transitions, or shifts in health-seeking behavior. The identification of latent, accelerated, and delayed phases provides a basis for future mechanistic modeling of malaria transmission stages.




Figure 17. Cumulative Malaria Incidence, Model Trend, and Derivative-Based Detection of the Long-Term Turning Point at 80 Months

3.10 Modeling the Decays and Perturbations in Severe Malaria Cases
Severe malaria cases were examined via both exponential decay modeling and logarithmic transformation to stabilize the variance. The transformed trend revealed a quasi-linear initial decline described by:

​,
followed by a positive deviation requiring a second-order correction:


The back-transformation produced an empirical expression:



With .
The model captures the sharp decline in severity burden observed during the first 30–40 months, as well as the later small perturbations. Deviations between observed and modeled series suggest intermittent operational or environmental disruptions rather than structural resurgence. The severe malaria trajectory is therefore characterized by a dominant long-term decline, punctuated by sporadic localized spikes, consistent with improvements in case management and preventive coverage.

3.11 Mortality dynamics and rare-event behavior

Malaria mortality was extremely low across the observation period, with most nonzero months occurring in the early years. A structural break is evident around months 35–40, beyond which deaths approach zero with only small, isolated spikes (~1–4 deaths). The mortality pattern lacked stable seasonality due to sparsity, but the break suggests a transition triggered by improved severe case management, increased availability of parenteral artesunate, and strengthened referral pathways. The rare-event pattern is dominated by Poisson noise, meaning that individual deaths appear statistically "large" even when the underlying risk is low. These findings support the interpretation that malaria mortality in the district has undergone a rapid collapse phase, followed by a prolonged near-zero phase, during which vigilance rather than the intensity of mortality control has become the operational priority.




Figure 18. Empirical and Modeled Severe Malaria Trends with Log-Transformation, Decay Behavior, and Identified Turning Points.

Climatic Associations and Empirical Transmission Phases

The temperature and rainfall series were examined alongside incidence, severe cases, and mortality (Figure 19) to identify empirical synchrony and guide advanced modeling. The incidence exhibited clear intra-annual oscillations that aligned with rainfall peaks, supporting the well-established climatological drivers of malaria transmission. Severe cases showed no persistent seasonality once overall levels declined, indicating that climatic forcing primarily influences earlier stages of infection rather than progression to severe disease. The combined climate–malaria patterns support a three-phase empirical transmission concept: a latent phase (t < 0 or preobservation), with low or undetected activity before surveillance scale-up. Accelerated phase (0–80 months): Increasing incidence tracking of cumulative rainfall and conducive temperatures. Delayed phase (t > 80 months): Gradual reduction in incidence and severity despite continued climatic seasonality, likely reflecting improved interventions and immunity accumulation. These phases provide a conceptual bridge between empirical observations and more formal mechanistic or machine-learning models that will be explored in future work.






Figure 19. Empirical Temperature Patterns, Model Trends, and Identification of Latent, Accelerated, and Delayed Phases.
Discussions
Integration of Long-Term Trend Structures
The polynomial and cumulative derivative analyses revealed a multiyear cyclical structure in transmission, with a distinct turning point at approximately 80 months. This aligns with the notion that malaria dynamics are shaped by interacting climatic, ecological, and programmatic forces. The deceleration phase following the turning point suggests a gradual rebalancing of transmission intensity, which may reflect strengthened prevention, improved treatment access, or behavioral adaptation. Severe malaria and mortality patterns corroborate this narrative, showing pronounced early declines followed by low-level fluctuations. These long-term structures emphasize the need for surveillance systems that detect not only seasonal patterns but also slow transitions in the transmission ecosystem.
Climatic Modulation of Empirical Phases
Rainfall and temperature behavior map closely onto incidence oscillations, supporting their role as primary modulators of mosquito ecology. However, the relative weakening of the climate's influence on severe cases and mortality suggests that while climate drives exposure, health system performance governs clinical outcomes. This divergence underscores the importance of combining climate-sensitive early warning tools with robust treatment systems, particularly during transition phases, where behavioral or intervention shifts can magnify or dampen climatic effects.
Figure 1S illustrates the monthly variation in the number of malaria cases among children under five years of age across four cities in Ghana from 2009 to 2014: Ayiem, Banso, Manso, and Mpohor. Each plot shows significant fluctuations in malaria incidence, highlighting temporal patterns that seasonal factors and local interventions may influence. In Ayiem (plot a), there are noticeable dips in malaria cases around October 2012, which could indicate effective intervention periods or seasonal declines. Similarly, Banso (plot b) shows a marked decrease in cases of approximately 48.708, suggesting potential periods of successful malaria control or natural seasonal variation. Manso (plot c) shows several peaks and troughs, with a significant drop around April 2009, suggesting potential variability in intervention effectiveness or in environmental conditions affecting transmission. In Mpohor (plot d), notable decreases in malaria cases are observed around October–November 2010 and November 2013, suggesting possible periods of intensified control efforts or favorable climatic conditions that reduced mosquito breeding.
In Ayiem (Figure 2S-a), the data show significant fluctuations, with an arithmetic mean of 62.838 cases per month. This variability suggests sporadic outbreaks and highlights the need for consistent malaria control efforts. In Banso (Figure 2S-b), the average number of cases was greater at 148.29, indicating a more substantial malaria burden, possibly due to higher population density and proximity to water bodies, which are known breeding grounds for mosquitoes. Manso (Figure 2S-c) shows a relatively stable pattern, with an average of 86.853 cases, reflecting moderate but consistent malaria transmission. Mpohor (Figure 2S-d) exhibited a pattern similar to that of Banso, with an average of 148.25 cases, underscoring the significant impact of local environmental factors on malaria dynamics. These findings emphasize the importance of targeted, location-specific interventions to address the unique malaria transmission dynamics in each city.
The geographical and climatic conditions in the Mpohor District significantly influence malaria transmission dynamics. The district's low-lying terrain, characterized by numerous stagnant water bodies, provides ideal breeding grounds for mosquitoes, particularly Anopheles species, and the primary vectors of malaria. The presence of rivers and streams further exacerbates this risk by offering additional breeding sites, particularly during the wet season, which spans from March to July. This seasonality aligns with findings from studies on mosquito breeding patterns, which indicate that increased rainfall and humidity create optimal conditions for mosquito proliferation and malaria transmission.
The district's varied landscape, including its undulating terrain and varying elevations, creates microclimates conducive to mosquito breeding. These microclimates can support mosquito populations year-round, though transmission rates may vary with seasonal changes. For example, during the dry season (November to January), reducing mosquito breeding sites can lower malaria transmission rates.
Variation in the number of malaria cases recorded monthly from 2009 to 2014 among pregnant women in four cities in Ghana: Ayiem, Banso, Manso, and Mpohor (Figure 3S). Each plot shows distinct trends and fluctuations in malaria incidence, highlighting the unique transmission dynamics in each city. In Ayiem (plot a), the average number of cases is 1.7917, with noticeable peaks and troughs suggesting periodic outbreaks and declines. Banso (plot b) presented a greater average of 6.0556 cases, indicating a more consistent and higher burden of malaria among pregnant women, likely due to ecological factors favorable for mosquito breeding. Manso (plot c) has an average of 8.0694 cases, with significant fluctuations, suggesting variations in transmission intensity potentially influenced by environmental and socioeconomic conditions. Mpohor (plot d) shows an average of 5.8528 cases with similar variability, suggesting that malaria transmission is influenced by local factors such as elevation, vegetation, and water bodies, which are known to affect mosquito breeding sites. These findings underscore the importance of targeted malaria control interventions tailored to each city's specific conditions to reduce the malaria burden among pregnant women effectively.

The variation in the cumulative frequency of malaria, Cumglob(t), recorded for each month from 2009 to 2014 for all four cities in Ghana, as displayed in Table 2S, shows the variation in the cumulative frequency of malaria cases, denoted as Cumglob(t), recorded monthly from 2009 to 2014 for four cities in Ghana. The linear relationship described by the equation y = 624.134x indicates a consistent increase in the cumulative number of malaria cases over the 72 months. This steady increase suggests persistent and ongoing transmission of malaria across cities, reflecting the endemic nature of the disease in these regions. The inset table provides detailed regression statistics, with a high coefficient of determination (R2=0.9995), confirming the strong linear trend and reliability of the cumulative data. This persistent increase emphasizes the importance of continuous surveillance, targeted interventions, and resource allocation to mitigate malaria transmission in these high-risk areas.
Major findings
This study, conducted in Ghana's Mpohor District from 2009 to 2014, yielded several key findings on malaria incidence across four communities (Ayiem, Banso, Manso, and Mpohor) and three demographic groups (children under five, individuals aged five and above, and pregnant women). The findings were derived via mathematical models and cumulative approaches, offering insights into temporal and spatial malaria patterns.
The city-specific analysis revealed substantial variation in malaria incidence across the four communities. Mpohor and Banso consistently presented higher cumulative malaria cases, likely influenced by their geographical features, population densities, and access to healthcare. Mothers' central location and administrative role were associated with increased human mobility and exposure, whereas Banso's proximity to water bodies and mining activities increased the risk of malaria transmission. In contrast, Ayiem, with its isolated northern position and lower human mobility, recorded the fewest cases, apart from under-five children. Manso's moderate transmission rates reflected its medium-sized population and balanced environmental risk factors.
Demographic-focused analysis highlighted vulnerable groups, particularly children under five years of age, who experienced persistently high baseline cases with periodic spikes. Pregnant women exhibited sporadic fluctuations, with notable peaks in Banso and Manso, indicating variations in healthcare access and preventive measures. Patients older than five years demonstrated more consistent trends, reflecting sustained exposure and endemic transmission dynamics across communities.
[bookmark: _GoBack]Cumulative frequency models (Figures 14–16) confirmed steady increases in malaria cases across all cities and demographic groups, underscoring the persistent burden of malaria in the district. Banso and Mpohor presented the steepest cumulative trends, highlighting their significant contribution to the district-wide malaria burden. Ayiem, on the other hand, presented the lowest cumulative frequency, reflecting its unique ecological and socioeconomic conditions.
The Pearson correlation analysis revealed weak temporal associations between malaria cases and time, suggesting minimal evolution in incidence trends over the study period. However, strong correlations between Banso and Mpohor highlighted their shared transmission dynamics, which are likely influenced by geographical and socioeconomic similarities. Deviations from expected seasonal patterns, particularly in specific months such as February 2010 and September 2013, pointed to external factors such as climatic changes or lapses in intervention efforts.
Descriptive statistics further illuminate the heterogeneity in malaria dynamics. Banso recorded the highest monthly averages, reflecting its larger population and environmental risk factors, whereas Ayiem had the lowest, suggesting effective control measures or lower transmission rates. Compared with other groups, pregnant women consistently presented fewer malaria cases, likely due to targeted interventions such as intermittent preventive treatment during pregnancy.
The study estimates a total malaria burden of 45,080 cases over six years, with Banso (14,548 cases) and Mpohor (14,329 cases) contributing significantly. These findings underscore the importance of tailored control strategies focused on high-risk areas and vulnerable groups. By using developed equations to quantify the cumulative burden, seasonal patterns, and anomalies, this study provides a robust framework for guiding data-driven, localized malaria control interventions to address persistent endemicity in the Mpohor District.
These findings emphasize the importance of tailoring malaria control strategies to the unique demographic, ecological, and socioeconomic contexts of each community. Interventions should prioritize high-risk areas such as Banso and Mpohor and vulnerable populations, particularly children under five years of age and pregnant women. Comprehensive measures, including environmental management, expanded access to healthcare, and sustained preventive programs, are essential to reducing the persistent malaria burden in the Mpohor District. This study's data-driven approach provides a foundation for localized, evidence-based malaria control strategies that address specific transmission dynamics and enhance public health outcomes.


Conclusion
This study provides a comprehensive analysis of malaria incidence across four communities in Ghana's Mpohor District over six years (2009–2014). Using mathematical models and statistical approaches, this study reveals critical spatial, temporal, and demographic trends that underscore the persistent burden of malaria in the district. The findings highlight the disproportionate vulnerability of specific populations, particularly children under five years of age and pregnant women, and the significant malaria burden in high-risk communities such as Banso and Mpohor. The models used in this study, including city-specific, demographic-focused, cumulative-frequency, and deviation-based approaches, provide a structured framework for understanding malaria transmission dynamics. These models enable the identification of high-risk areas, seasonal peaks, and anomalies in malaria incidence, providing actionable insights for targeted public health interventions. The estimated total malaria burden of 45,080 cases emphasizes the need for sustained efforts to mitigate the disease's impact, with a focus on high-incidence areas and vulnerable groups. The results highlight the influence of environmental factors, including proximity to water bodies, socioeconomic activities, and access to healthcare, on malaria transmission. The variations in incidence across communities and demographic groups underscore the importance of tailoring interventions to local conditions. Strategies such as environmental management, widespread distribution of insecticide-treated nets, increased access to healthcare, and community health education are critical for reducing the malaria burden. This study demonstrates the utility of data-driven models in guiding effective malaria control strategies. By quantifying trends and anomalies in malaria incidence, this research provides a foundation for designing localized, evidence-based interventions. These findings contribute to the broader effort to combat malaria in Ghana, offering a replicable framework for other endemic regions to increase their malaria control efforts and improve public health outcomes. The additional analyses of long-term trends, inflection points, climatic synchrony, and rare-event mortality dynamics reinforce the need for modeling frameworks that integrate empirical phases of transmission with environmental and health-system drivers.

Recommendations
Building on the robustness and practical utility of the models developed in this study, malaria control strategies can be substantially enhanced through targeted application in planning, surveillance, and policy formulation. City- and demographic-specific models should be integrated into public health planning to steer location-specific interventions, with particular attention to high-risk areas such as communities adjacent to water bodies where incidence remains consistently elevated. The cumulative frequency and anomaly-detection models are well-suited for real-time surveillance, enabling early identification of abnormal spikes that deviate from expected seasonal patterns and supporting rapid outbreak responses. Concurrently, the total-cases estimation model offers a clear representation of the cumulative malaria burden across urban locales and should inform evidence-based resource allocation, including medical supplies, preventive tools, and health personnel. Deviation-based anomaly detection bolsters seasonal strategy adjustments by pinpointing intervals of anomalous case elevations, thereby enabling health systems to anticipate and prepare for peak transmission periods. Taken together, integrating these model-derived insights into routine surveillance and long-term policy frameworks supported by ongoing real-time data updates and collaboration with local health agencies can enhance the precision, adaptability, and effectiveness of malaria control, yielding direct benefits for Mpohor District and other high-risk contexts. Future malaria modeling investigations may examine the application of generalized integral transforms and fractional differential equation methodologies to characterize transmission dynamics and intricate temporal deviations with greater rigor (Ata & Kıymaz, 2022, 2023a, 2023b, 2024a, 2024b, 2025).
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Table 1S. List of used symbols and abbreviations.

	
	
	City
	Ayiem
	Banso
	Manso
	Mpohor
	Overall four Townes

	Patient category
	Abbrev.
	Abbrev.
	Ay
	Bs
	Ms
	Mp
	 (Nj)

	
	
	(i,j)
	i = 1
	i = 2
	i = 3
	i = 4
	-

	Under five years
	Uf
	j = 1
	NAy,uf(t)
	NBs,uf(t)
	NMs,uf(t)
	NMp,uf (t)
	(Nuf)

	Above five years
	Af
	j = 2
	NAy,af(t)
	NBs,af(t)
	NMs,af(t)
	NMp,af (t)
	(Naf)

	Pregnant women
	Pw
	j = 3
	NAy,pw(t)
	NBs,pw(t)
	NMs,pw(t)
	NMp,pw(t)
	(Npw)

	All patients categories
	(Ni)
	-
	NAy
	NBs
	NMs
	NMp
	(Nglob)










Figure 1S.Variation of the number of malaria cases over time (t) recorded for each month from 2009 to 2014 of patients under five years of age (Ni,uf) for four cities in Ghana. (a): Ayiem, (b): Banso, (c): Manso, and (d): Mpohor.






Figure 2S.Variation of the number of malaria cases over time (t) recorded for each month from 2009 to 2014 of patients above five years of age (Ni,af) for four cities in Ghana. (a): Ayiem, (b): Banso, (c): Manso, and (d): Mpohor.







Figure 3S.Variation of the number of malaria cases over time (t) recorded for each month from 2009 to 2014 of pregnant women patients (Ni,pw) for four cities in Ghana. (a): Ayiem, (b): Banso, (c): Manso, and (d): Mpohor.




Figure 4S.Variation of the cumulative frequency of malaria Cumglob(t) recorded for each month from 2009 to 2014 for overall the four cities in Ghana (Table 2S).

Table 2S.Cumulativefrequency of malaria corresponding to different data covering the entire six-year period from 2009 to 2014.
	Month/Year
	t/ month
	Cum(Nglob)
	Cum(NAy)
	Cum(NBs)
	Cum(NMs)
	Cum(NMp)
	Cum(NUf)
	Cum(NAf)
	Cum(NPw)

	Dec., 2008
	0
	0
	0
	0
	0
	0
	0
	0
	0

	Jan., 2009
	1
	350
	86
	77
	110
	77
	194
	149
	7

	Feb., 2009
	2
	1026
	172
	319
	219
	316
	400
	597
	29

	Mar., 2009
	3
	1373
	262
	402
	314
	395
	594
	745
	34

	Apr., 2009
	4
	1935
	365
	578
	422
	570
	775
	1101
	59

	May, 2009
	5
	2485
	473
	754
	512
	746
	969
	1416
	100

	Jun., 2009
	6
	3069
	591
	915
	654
	909
	1165
	1777
	127

	Jul., 2009
	7
	3820
	717
	1156
	796
	1151
	1348
	2328
	144

	Aug., 2009
	8
	4200
	769
	1270
	901
	1260
	1536
	2514
	150

	Sep., 2009
	9
	4932
	927
	1481
	1053
	1471
	1732
	3034
	166

	Oct., 2009
	10
	5723
	1001
	1782
	1171
	1769
	1928
	3607
	188

	Nov., 2009
	11
	6170
	1080
	1915
	1273
	1902
	2125
	3842
	203

	Dec., 2009
	12
	6781
	1204
	2095
	1403
	2079
	2320
	4228
	233

	Jan., 2010
	13
	7592
	1297
	2393
	1525
	2377
	2520
	4819
	253

	Feb., 2010
	14
	8132
	1407
	2548
	1646
	2531
	2710
	5159
	263

	Mar., 2010
	15
	8714
	1519
	2725
	1762
	2708
	2915
	5508
	291

	Apr., 2010
	16
	9103
	1608
	2824
	1863
	2808
	3114
	5697
	292

	May, 2010
	17
	9396
	1713
	2874
	1949
	2860
	3305
	5787
	304

	Jun., 2010
	18
	10192
	1891
	3119
	2084
	3098
	3498
	6378
	316

	Jul., 2010
	19
	10562
	1942
	3224
	2201
	3195
	3690
	6554
	318

	Aug., 2010
	20
	11071
	2027
	3369
	2339
	3336
	3886
	6854
	331

	Sep., 2010
	21
	11538
	2102
	3504
	2461
	3471
	4086
	7089
	363

	Oct., 2010
	22
	12075
	2184
	3673
	2588
	3630
	4276
	7433
	366

	Nov., 2010
	23
	12587
	2260
	3833
	2712
	3782
	4464
	7746
	377

	Dec., 2010
	24
	13649
	2382
	4237
	2851
	4179
	4657
	8587
	405

	Jan., 2011
	25
	14462
	2494
	4521
	2992
	4455
	4849
	9184
	429

	Feb., 2011
	26
	15189
	2581
	4801
	3071
	4736
	5048
	9689
	452

	Mar., 2011
	27
	15709
	2673
	4956
	3199
	4881
	5248
	9988
	473

	Apr., 2011
	28
	16391
	2768
	5211
	3274
	5138
	5444
	10466
	481

	May, 2011
	29
	17186
	2939
	5451
	3421
	5375
	5641
	11041
	504

	Jun., 2011
	30
	17997
	3035
	5762
	3514
	5686
	5841
	11612
	544

	Jul., 2011
	31
	18700
	3182
	5979
	3640
	5899
	6037
	12103
	560

	Aug., 2011
	32
	19323
	3334
	6148
	3775
	6066
	6235
	12518
	570

	Sep., 2011
	33
	20186
	3523
	6409
	3927
	6327
	6435
	13155
	596

	Oct., 2011
	34
	21144
	3666
	6722
	4119
	6637
	6632
	13892
	620

	Nov., 2011
	35
	21608
	3739
	6870
	4217
	6782
	6832
	14103
	673

	Dec., 2011
	36
	22252
	3831
	7087
	4335
	6999
	7032
	14508
	712

	Jan., 2012
	37
	22740
	3917
	7223
	4467
	7133
	7230
	14778
	732

	Feb., 2012
	38
	23473
	4024
	7468
	4605
	7376
	7428
	15281
	764

	Mar., 2012
	39
	24270
	4123
	7757
	4725
	7665
	7628
	15855
	787

	Apr., 2012
	40
	24838
	4233
	7934
	4829
	7842
	7821
	16209
	808

	May, 2012
	41
	25736
	4334
	8291
	4911
	8200
	8020
	16890
	826

	Jun., 2012
	42
	26093
	4386
	8390
	5018
	8299
	8218
	17043
	832

	Jul., 2012
	43
	26566
	4468
	8499
	5189
	8410
	8416
	17309
	841

	Aug., 2012
	44
	26971
	4535
	8621
	5283
	8532
	8613
	17511
	847

	Sep., 2012
	45
	27931
	4624
	8987
	5422
	8898
	8813
	18234
	884

	Oct., 2012
	46
	28963
	4720
	9372
	5588
	9283
	9001
	19046
	916

	Nov., 2012
	47
	29600
	4828
	9570
	5724
	9478
	9201
	19470
	929

	Dec., 2012
	48
	30308
	4967
	9789
	5855
	9697
	9401
	19965
	942

	Jan., 2013
	49
	31034
	5082
	10025
	5994
	9933
	9601
	20464
	969

	Feb., 2013
	50
	31766
	5163
	10303
	6089
	10211
	9801
	20963
	1002

	Mar., 2013
	51
	32136
	5239
	10397
	6195
	10305
	10001
	21130
	1005

	Apr., 2013
	52
	32814
	5359
	10613
	6338
	10504
	10199
	21583
	1032

	May, 2013
	53
	33513
	5445
	10873
	6431
	10764
	10399
	22060
	1054

	Jun., 2013
	54
	34149
	5532
	11097
	6533
	10987
	10598
	22481
	1070

	Jul., 2013
	55
	34879
	5635
	11368
	6618
	11258
	10798
	23004
	1077

	Aug., 2013
	56
	35605
	5769
	11617
	6715
	11504
	10995
	23533
	1077

	Sep., 2013
	57
	36463
	5954
	11869
	6894
	11746
	11185
	24180
	1098

	Oct., 2013
	58
	36853
	6043
	11974
	6998
	11838
	11370
	24377
	1106

	Nov., 2013
	59
	37492
	6151
	12181
	7141
	12019
	11544
	24823
	1125

	Dec., 2013
	60
	38018
	6247
	12350
	7239
	12182
	11734
	25129
	1155

	Jan., 2014
	61
	38693
	6357
	12568
	7372
	12396
	11930
	25589
	1174

	Feb., 2014
	62
	39223
	6462
	12723
	7497
	12541
	12120
	25889
	1214

	Mar., 2014
	63
	39717
	6573
	12868
	7593
	12683
	12317
	26148
	1252

	Apr., 2014
	64
	40282
	6663
	13050
	7705
	12864
	12516
	26487
	1279

	May, 2014
	65
	41157
	6810
	13327
	7882
	13138
	12713
	27125
	1319

	Jun., 2014
	66
	41576
	6864
	13455
	7996
	13261
	12908
	27342
	1326

	Jul., 2014
	67
	42033
	6944
	13587
	8114
	13388
	13103
	27604
	1326

	Aug., 2014
	68
	42691
	7021
	13797
	8275
	13598
	13303
	28060
	1328

	Sep., 2014
	69
	43092
	7090
	13916
	8376
	13710
	13496
	28268
	1328

	Oct., 2014
	70
	43664
	7179
	14090
	8511
	13884
	13696
	28608
	1360

	Nov., 2014
	71
	44409
	7301
	14348
	8621
	14139
	13893
	29141
	1375

	Dec., 2014
	72
	45080
	7448
	14548
	8755
	14329
	14091
	29580
	1409











Figure 5S.Variation of the cumulative frequency of malaria CumNi(t) recorded for each month from 2009 to 2014 for each city in Ghana (Table 2S).






Figure 6S.Variation of the cumulative frequency of malaria CumNj(t) recorded for each month from 2009 to 2014 for each patients category in Ghana (Table 2S).


Table 3S. Pearson’s correlation coefficients (r) of the time (t) spanning the entire six-year period from 2009 to 2014, with the number of malaria cases of the overall patients categories Ni(t) for each city (i) separately, and the number of malaria cases Nj(t) recorded for each month (t) from 2009 to 2014 of each patients category (j) for the overall four cities (Ayiem, Banso, Manso and Mpohor), as well as the frequency of malaria cases Nglob(t) for both overall patients categories and overall four cities at each month (t) spanning the entire six-year period from 2009 to 2014.

	r/ Pearson

	Ni
	Nj
	Global Sum (four all the four cities)

	
	Ayiem(i=1)
	Banso(i=2)
	Manso(i=3)
	Mpohor(i=4)
	Uf(j=1)
	Af(j=2)
	Pw(j=3)
	

	
	Ni=1(t)
	Ni=2(t)
	Ni=3(t)
	Ni=4(t)
	Nj=1(t)
	Nj=2(t)
	Nj=3(t)
	Nglob

	time (t)
	0.0137
	0.0979
	0.1019
	0.0819
	0.0932
	0.0912
	0.0514
	0.0949




Table 4S. Mutual Pearson’s correlation coefficients (r), between the number of malaria cases of the overall patients categories Ni(t) for each city (i) separately, (Ayiem, Banso, Manso and Mpohor).

	r/ Pearson
	Ayiem(i=1)
	Banso (i=2)
	Manso (i=3)
	Mpohor (i=4)

	
	Ni=1
	Ni=2
	Ni=3
	Ni=4

	Ni=1
	Ayiem(i=1)
	1.00000000
	0.3729538
	0.48289783
	0.3649489

	Ni=2
	Banso(i=2)
	0.37295378
	1.0000000
	0.25701955
	0.9981028

	Ni=3
	Manso(i=3)
	0.48289783
	0.2570196
	1.00000000
	0.2418207

	Ni=4
	Mpohor(i=4)
	0.36494893
	0.9981028
	0.24182069
	1.0000000



Table 5S. Mutual Pearson’s correlation coefficients (r), between the number of malaria cases Nj(t) recorded for each month (t) from 2009 to 2014 of each patient category (j) for the overall four cities (Ayiem, Banso, Manso, and Mpohor).

	r/ Pearson
	Uf(j=1)
	Af(j=2)
	Pw(j=3)

	
	Nj=1
	Nj=2
	Nj=3

	Nj=1
	Uf(j=1)
	1.00000000
	0.08678364
	0.1605258

	Nj=2
	Af(j=2)
	0.08678364
	1.00000000
	0.3424149

	Nj=3
	Pw(j=3)
	0.16052581
	0.34241488
	1.0000000





Table 6S. Mutual Pearson’s correlation coefficients (r), between the number of malaria cases of the overall patients categories Ni(t) for each city (i) separately, (Ayiem, Banso, Manso and Mpohor) and the number of malaria cases Nj(t) recorded for each month (t) from 2009 to 2014 of each patients category (j).

	r/ Pearson
	Uf(j=1)
	Af(j=2)
	Pw(j=3)

	
	Nj=1
	Nj=2
	Nj=3

	Ni=1
	Ayiem(i=1)
	-0.02440583
	0.56252290
	0.2205662

	Ni=2
	Banso(i=2)
	0.14907280
	0.96540340
	0.3989435

	Ni=3
	Manso(i=3)
	-0.09807207
	0.44588213
	0.1505995

	Ni=4
	Mpohor(i=4)
	0.18042675
	0.96085649
	0.3984529





Table 7S. Mutual Pearson’s correlation coefficients (r), between the frequency of malaria cases Nglob(t) for both overall patient categories and the four cities and different separated variables.

	r/ Pearson
	Nglob

	Ni=1
	Ayiem(i=1)
	0.5606584

	Ni=2
	Banso(i=2)
	0.9693559

	Ni=3
	Manso(i=3)
	0.4403710

	Ni=4
	Mpohor(i=4)
	0.9658514

	Nj=1
	Uf(j=1)
	0.1254105

	Nj=2
	Af(j=2)
	0.9972007

	Nj=3
	Pw(j=3)
	0.4059202
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