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ABSTRACT 

Bacterial meningitis remains a significant public health concern in West Africa, where seasonal 

outbreaks are closely linked to environmental factors such as low humidity, high temperatures 

and exposure to Saharan dust. While the influence of local climatic conditions on meningitis is 

well documented, the role of large-scale climate variability, particularly that of the El Niño–

Southern Oscillation (ENSO), influencing global climates through complex atmospheric and 

oceanic mechanisms is still not fully understood. These mechanisms may affect Saharan dust 

activities and local climate conditions which are associated with meningitis outbreaks during 

the dry season. 

This study provides a comprehensive assessment of the relationship between climate and 

meningitis in West Africa by exploring the interactions between ENSO variability, Saharan 

dust dynamics and bacterial meningitis incidence in two climatically distinct regions: the Sahel 

(SAH) and the Gulf of Guinea (GG). This thesis addressed four specific objectives such as: 1) 

to characterise the seasonal meteorological and dust-related conditions that shape the 

meningitis cycle; 2) to examine the interannual and spatial variability of these environmental 

drivers; 3) to identify the large-scale atmospheric and oceanic mechanisms influencing dust 

variability; and 4) to develop machine learning models for estimating meningitis incidence, 

using environmental variables and vaccination coverage as inputs.  

Weekly environmental and meningitis cases data from 2006 to 2020 were analyzed at seasonal 

and interannual scale and predict meningitis incidence. At large-scale, monthly Saharan dust, 

Sea Surface temperature, Sea level pressure and winds components from 1980 to 2020 were 

employed. Empirical orthogonal function (EOF), lag Spearman correlation, regression map and 
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composite analyses were applied to reveal a local and large-scale relationship between Saharan 

dust patterns influencing meningitis dynamics and its ENSO impact.   

At seasonal and interannual scale, high concentration of particulate matter (PM10) and aerosol 

optical depth (AOD) in January reliably precede meningitis outbreaks. The persistence and 

intensity of the leading mode of dust variability (70.5% in the SAH with  peaks in March–April 

and 70.8% in the GG during January–March) associated with relative humidity (RH) below  

20% in the SAH and 45% in the GG, increase the number of cases. At large-scale, SST 

anomalies in the equatorial Pacific (warm/cool) coincide with elevated dust variability (AOD-

PC1) during the JFM–MAM in the GG and FMA–MAM over the SAH. Models like XGBoost 

in Nigeria (R² = 0.638), CatBoost in Burkina Faso (R² = 0.619), Gradient Boosting in Niger (R² 

= 0.487) and Random Forest in Mali (R² = 0.355) identified as the best. However,vaccination 

status, RH and meridional wind consistently emerged as the most influential predictors across 

all countries.  

These findings advance our understanding of how large-scale climate variability and dust 

dynamics influence meningitis outbreaks in West Africa. They also demonstrate the utility of 

machine learning (ML) approaches for forecasting disease risk and support the integration of 

climate-informed early warning systems, particularly in settings where data is scarce. 
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CHAPTER ONE 

                                                           INTRODUCTION 

1.1 Background to the Study 

Bacterial meningitis (BM) is a serious infectious disease that continues to pose a global public 

health challenge, particularly in low- and middle-income countries. It is a rapidly progressing 

condition that can lead to death or permanent disability within 24 hours of symptom onset. 

Despite being preventable, BM has the highest case-fatality rate among all vaccine-preventable 

diseases and disproportionately affects children under the age of five (Wright et al., 2021; 

WHO, 2024). Globally, an estimated 2.5 million new cases of meningitis of all causes were 

recorded in 2019, including 1.6 million cases attributed to bacterial meningitis, which resulted 

in approximately 240,000 deaths (Chen et al., 2023; WHO, 2024). 

Although BM can occur anywhere in the world, the burden is heaviest in sub-Saharan Africa, 

particularly in the region known as the African Meningitis Belt (AMB). This region, defined 

by Lapeyssonnie in 1963, stretches from Senegal in the west to Ethiopia in the east, 

encompassing 26 countries with recurrent epidemics, especially during the dry season. Since 

the early 20th century, the AMB has been the site of devastating outbreaks. A notable example 

is the 1996–1997 epidemic, which affected over 250,000 people and resulted in more than 

25,000 deaths, with Neisseria meningitidis serogroup A alone accounting for over 11,000 

fatalities (Mohammed et al., 2017). 

BM is caused by a limited number of bacterial pathogens, most notably Neisseria meningitidis 

(Nm), Streptococcus pneumoniae (Spn), Haemophilus influenzae type b (Hib), and 

Streptococcus agalactiae. Among the twelve identified Nm serogroups, six (A, B, C, W, X, and 

Y) have epidemic potential. Humans are the only known reservoir, and the disease is 
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transmitted through respiratory droplets or close contact with an infected individual (Batista et 

al., 2017; WHO, 2024). BM outbreaks have also been reported in regions beyond Africa, 

including Chile, Fiji, Kyrgyzstan, and Tajikistan, underscoring its global relevance. 

Efforts to control meningitis in Africa initially relied on reactive immunization strategies using 

polysaccharide vaccines, which had limited efficacy, particularly among infants and young 

children, and offered only short-term protection (Martin et al., 2013). In response, a low-cost 

conjugate vaccine, MenAfriVac, targeting serogroup A, was developed and introduced through 

mass campaigns starting in 2010. This led to a dramatic reduction in NmA cases across the belt. 

However, other Nm serogroups, particularly C, W135, and Y, have since emerged as the 

predominant causes of outbreaks, maintaining a high case-fatality rate of 5–6% (WHO, 2015). 

The strong seasonality of meningitis outbreaks in the AMB typically beginning with the dry 

season and subsiding with the onset of rains has long suggested an important role for 

environmental and climatic factors. Low relative humidity, high temperatures, and dusty 

atmospheric conditions have been repeatedly associated with epidemic onset. The Harmattan 

wind, which blows from the northeast during the dry season, carries large quantities of Saharan 

dust across West Africa, contributing to dry air and high levels of inhalable particulate matter 

(PM₁₀), which may increase vulnerability to respiratory infections, including BM 

(Lapeyssonnie, 1963; Molesworth et al., 2003). 

Climate change has the potential to exacerbate these risks. Rising temperatures, increased 

frequency and duration of dry spells, dust storms, and extreme weather events are expected to 

further influence disease dynamics in West Africa. Fine particles suspended in the air can 

irritate the respiratory tract and compromise the immune system, while increasing ambient 

ozone concentrations may aggravate respiratory health conditions. In 2016, WHO estimated 
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that ambient air pollution caused approximately 456,000 deaths in West Africa alone. Globally, 

nearly 9 million deaths were linked to air pollution in 2020—accounting for 12% of all 

recorded deaths. 

Northern Africa is recognized as the largest global source of mineral dust, contributing about 

60% of the world’s annual aerosol load. During the dry season, dust plumes transported by the 

Harmattan reach the Gulf of Guinea and surrounding regions, resulting in persistently dusty and 

dry environmental conditions (Senghor et al., 2016; Diop et al., 2022). These conditions align 

closely with the peak meningitis season across the West African Meningitis Belt. 

In this context, understanding the interactions between environmental variables and meningitis 

epidemiology is crucial. This study focuses on the West African Meningitis Belt (WAMB), 

comprising countries such as Senegal, Guinea, Mali, Niger, Nigeria, Côte d'Ivoire, Ghana, 

Benin, and Togo. The objective is to investigate how climate variability and environmental 

extremes influence meningitis dynamics in the region, with the goal of contributing to 

improved forecasting systems and more effective public health preparedness strategies. 

 

1.2 Statement of Research Problems 

Bacterial meningitis (BM) continues to pose a significant public health challenge in West 

Africa, especially within the African Meningitis Belt (AMB), where recurring seasonal 

outbreaks result in high morbidity and mortality (Lapeyssonnie, 1963; Molesworth et al., 2003; 

WHO, 2024). While previous research has established a strong seasonal pattern in meningitis 

incidence closely linked to dry atmospheric conditions, low humidity, high temperatures, and 

dust concentrations (Greenwood, 1999; Sultan et al., 2005; Martiny & Chiapello, 2013), there 

remains a limited understanding of how these environmental factors interact with broader, 
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large-scale climate systems. In particular, the influence of major atmospheric-oceanic drivers 

such as the El Niño–Southern Oscillation (ENSO) and other teleconnections on Saharan dust 

emissions and transport has not been sufficiently explored in relation to meningitis dynamics 

(Sultan et al., 2005; Pandya et al., 2015; Diouf et al., 2025). 

Most existing studies have focused on local meteorological variables or have relied on country-

level data, overlooking the broader climate mechanisms that influence environmental suitability 

for meningitis outbreaks (Yaka et al., 2008; Agier et al., 2013; García-Pando et al., 2014). 

Moreover, the potential for integrating these large-scale drivers into early warning systems has 

not been adequately investigated. This lack of comprehensive understanding limits the 

effectiveness of climate-based public health interventions, particularly for anticipating and 

managing meningitis risk at sub-seasonal to seasonal timescales (Dione et al., 2022; Yarber et 

al., 2023). 

In this context, there is a pressing need to investigate how remote climate systems through their 

modulation of regional atmospheric circulation, dust transport, and surface weather conditions 

contribute to the interannual variability of BM outbreaks in West Africa (Sultan et al., 2005; 

Martiny et al., 2013). By addressing this gap, the present study aims to improve both the 

scientific understanding of climate-health linkages and the practical development of predictive 

tools for early warning and disease prevention, thereby contributing to the WHO Global 

Roadmap to Defeat Meningitis by 2030 (WHO, 2021). 

1.3 Aim and Specific Objectives 

The aim of this research is to achieve a complete characterization of climate impact on 

meningitis incidence over west Africa. 
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The specific objectives are to: 

i. determine the meteorological conditions and Saharan dust effect on meningitis seasonal 

cycle;   

ii. analyze meteorological conditions and Saharan dust effect on meningitis inter-annual 

variability and spatial configuration 

iii. assess the atmospheric and oceanic drivers of dust variability patterns impacting 

meningitis; and 

iv. develop AI models that can estimate meningitis incidence combine environmental 

variables and vaccine effects as input. 

 

1.4 Justifications 

Despite the widespread use of conjugate vaccines, bacterial meningitis (BM) remains a major 

global health problem with severe public health and socio-economic impacts (WHO, 2021; 

Wright et al., 2021). It is characterized by a high case fatality rate; approximately one in ten 

people with acute BM die, and one in five survivors suffer long-term complications such as 

hearing loss, seizures, cognitive deficits, and motor impairments (Schiess et al., 2021; WHO, 

2024). Global surveillance data indicate that the number of reported BM cases increased 

between 2006 and 2016, partly due to enhanced case detection and persistent outbreaks in low- 

and middle-income countries (Bassat et al., 2018). 

BM is caused by a small number of bacterial pathogens, including Neisseria meningitidis, 

Streptococcus pneumoniae, and Haemophilus influenzae type b, each of which includes 

multiple serogroups or serotypes. This diversity complicates the development of long-term 

immunization strategies and hinders complete disease control (WHO, 2024; Chen et al., 2023). 
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Although the introduction of the MenAfriVac vaccine targeting Neisseria meningitidis 

serogroup A (NmA) has resulted in a significant decline in NmA incidence vaccinating over 

300 million individuals in 26 African countries since its launch other serogroups continue to 

cause deadly outbreaks (WHO, 2021; Mohammed et al., 2017). 

For instance, serogroup W outbreaks occurred in Burkina Faso in 2002 and 2012, while a large 

epidemic involving serogroup C (NmC) caused over 11,000 cases and 800 deaths in Niger and 

Nigeria in 2015 (Kamwamba, T. E. 2017). In 2016, Ghana experienced a significant outbreak 

involving both NmW and Streptococcus pneumoniae (Spn), further illustrating the continued 

threat posed by multiple serogroups. 

Despite strong leadership by the World Health Organization (WHO) and collaborative efforts 

through the MenAfriNet Consortium and national health institutions, critical challenges remain. 

Long-term support services for individuals and families affected by post-meningitis 

complications are often inadequate or entirely absent (WHO, 2024). Furthermore, meningitis 

epidemics remain difficult to predict and can rapidly overwhelm health systems and 

communities. 

Nevertheless, the progress achieved in recent decades especially the near-elimination of NmA 

cases in the African Meningitis Belt has inspired renewed optimism about the possibility of 

defeating the disease. This optimism has culminated in a global call to action, uniting 

governments, public health agencies, researchers, and affected communities to eliminate 

meningitis as a public health threat. In response, the WHO launched the Global Roadmap to 

Defeat Meningitis by 2030, which outlines a strategy for improved prevention, diagnosis, 

surveillance, and support services (WHO, 2021). This roadmap aligns with global efforts to 
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strengthen primary healthcare, build resilience against health emergencies, and ensure universal 

health coverage and improved well-being. 

 

1.5 Research scope 

The relationship between Saharan dust and meningitis has been extensively examined within 

the African Meningitis Belt, particularly in sub-Saharan regions, at weekly, intra-seasonal and 

interannual scales. However, broader global patterns, especially those linked to large-scale 

climate variability, remain under-explored. As sub-Saharan Africa bears the heaviest burden of 

meningitis, investigating the spatiotemporal variability of Saharan dust plumes and their role in 

disease dynamics is essential. This requires a deeper understanding of the environmental and 

climatic conditions associated with dust emissions, transport and deposition, and their 

interaction with large-scale atmospheric circulation and local surface characteristics. 

 

The focus of this research is the impact of sea surface temperature (SST) and surface wind 

coupling on the variability of Saharan dust activity and its association with meningitis 

outbreaks in West Africa. The first objective is to evaluate the impact of critical environmental 

factors, such as dust concentration, temperature, wind patterns, and relative humidity, on the 

timing and severity of meningitis outbreaks throughout the year. The second is to expand the 

analysis by exploring the role of large-scale climate drivers, particularly the El Niño–Southern 

Oscillation (ENSO), in modulating dust aerosol variability and its potential link to meningitis 

patterns. 

By identifying the most influential environmental and climatic variables, the study will 

reconstruct historical meningitis outbreak trends using predicted data and assess the underlying 
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drivers of interannual variability. Ultimately, this research seeks to enhance the scientific 

understanding of how dust variability in winter and spring over West Africa influences 

meningitis dynamics. The findings will inform early warning systems and public health 

interventions, contributing meaningfully to the implementation of the WHO Global Roadmap 

to Defeat Meningitis by 2030. 

 

1.6 Structure of the document 

The present document is structured in five chapters ranging as follows: 

✓ Chapter One provides a more detailed description of the research objectives and 

questions of this thesis.  

✓ Chapter Two presents a literature review on this topic.  

✓ Chapter Three illustrates the data and analysis methods used in the study, examining the 

weekly, interseasonal and interannual variability of environmental variables related to 

meningitis occurrence in West Africa.  

✓ Chapter Four presents, analyses and discusses all the results of this work by comparing 

them with previous findings related to this theme.  

✓ Chapter Five presents the conclusions of this study and some perspectives for future 

research. 
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CHAPTER TWO 

                                                      LITERATURE REVIEW 

2.1 Epidemiology of Bacterial Meningitis in West Africa 

The central nervous system includes the brain and spinal cord. It has a layer called the 

meninges (Figure 2.1.a), which acts as a protective barrier for the brain and spinal cord. 

Meningitis is the inflammation of these meninges, which can be caused by many pathogens. 

Viral meningitis is usually caused by enteroviruses, the herpes simplex virus, the varicella 

zoster virus and the flu virus. BM is one of the deadliest and most disabling forms of meningitis 

(WHO, 2024). Symptoms of BM include sudden onset of headache, fever, stiff neck, 

confusion, increased sensitivity to light, fatigue, nausea, seizures, vomiting, colds, sleepiness, 

skin rashes and loss of appetite (Figure 2.1.b). Although BM affects all ages, young children 

are most at risk with around half of cases and deaths occurring in children under five of age 

(WHO, 2024). It can quickly spread among people living or working together in close 

proximity, for example in the military, boarding schools, and during religious pilgrimages. For 

instance, an epidemic due to serogroup W135 was recorded worldwide during religious 

pilgrimages in Arabia in 2000. Of all the pathogens, Nm is the most dangerous and is the 

primary responsible for devastating epidemics worldwide, particularly in the African 

Meningitis Belt (WHO, 2023; WHO, 2024). It can be identified from other bacteria by the 

rapid spread of a skin rash, a particular symptom of meningococcal meningitis, also known as 

cerebrospinal meningitis (CSM). 

In the African meningitis belt (AMB), serogroup NmA was identified as the leading cause of 

meningitis epidemics in that region, which it is qualify as an endemic disease. If left untreated, 

NmA can exceed a 50% mortality rate. Furthermore, 8-15% of patients die within one to two 
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days of experiencing symptoms, and 10-20% of survivors suffer permanent brain damage or 

disability, including hearing loss, even with early diagnosis and treatment (WHO, 2023). 

In 2010, MenAfriVac, a conjugate vaccine developed for Africa against NmA, was introduced in 

the meningitis belt, targeting people aged 1–29. Consequently, a 58% decrease in NmA-related 

meningitis was observed from 2017 onward. By around 2019, the epidemics caused by NmA 

appeared to have been eliminated, but the ability of meningococci to exchange genetic material 

responsible for capsule production and switch between serogroups made eliminating the 

epidemic pattern difficult. Furthermore, the persistence of other serogroups, such as NmC, 

NmW135, NmY and NmX, in inducing epidemics of over 30,000 cases annually across the 

meningitis belt remains a crucial issue (WHO, 2023). Epidemiological studies have found that 

the occurrence of invasive meningococcal disease is not solely determined by the introduction 

of a new virulent bacterial strain, but also by other factors that enhance transmission (Taha et 

al., 2022). 
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Figure 2.1: Meninges inflammation due to meningococcal meningitidis and its symptoms  

https://www.cdc.gov/museum/education/newsletter/2023/jan/index.html 
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2.2 Transmission of Bacterial Meningitis 

Meningitis bacteria are transmitted from person to person through droplets of respiratory or 

throat secretions from an infected person, via prolonged close contact such as kissing, sneezing 

or coughing (WHO). Between 5 and 10% of the population can carry the bacteria in their throat 

without becoming ill. The carriage rate of meningococci is higher among people in lower 

socioeconomic classes, military recruits, pilgrims, boarding school students, and prisoners. 

Symptoms of meningitis can occur within the first week after infection or within 10 days, 

which is the incubation period. However, the bacteria can also enter the bloodstream from the 

nasopharynx. Once inside the bloodstream, they can bypass the body’s defence mechanisms, 

pass into the cerebrospinal fluid and reach the meninges. This causes inflammation of the latter. 

Socioeconomic factors, in conjunction with environmental factors, create a complex framework 

for predicting meningitis outbreaks and their intensity. 

 

2.3 Climatic and Environmental Determinants of Meningitis in the African Meningitis Belt 

The African Meningitis Belt (AMB), as defined by Lapeyssonnie (1963), stretches between 

latitudes 4°N and 16°N. It is bounded by the 300 mm annual rainfall isohyet in the north and 

the 1100 mm isohyet in the south. This region is characterized by hot, dry, and dusty 

conditions, particularly during the dry season from February to late May, when bacterial 

meningitis (BM) outbreaks are most common. The disease incidence declines during the rainy 

season, displaying a marked seasonality and hyperendemicity (Greenwood et al., 1984). These 

dry season conditions are largely influenced by the Harmattan, a northeasterly trade wind that 

transports large quantities of dust across the region. Given the region’s proximity to the 
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Equator and the desert, high temperatures, low humidity, and frequent dust storms contribute to 

elevated levels of mineral dust, especially particulate matter (PM10), at ground level. 

2.3.1 Environmental Sensitivity of Meningitis 

Meningitis is considered one of the most climate-sensitive diseases in Africa (Thomas et al., 

2007; Agier et al., 2018), with studies estimating that climate factors account for about 25% of 

the variability in its incidence (Yaka et al., 2008). A growing body of research has 

demonstrated that climate conditions and dust levels significantly influence both the timing and 

intensity of meningitis outbreaks. For instance, Sultan et al. (2005) linked the seasonal onset of 

meningitis in Mali to large-scale atmospheric circulation, demonstrating that a surface wind 

speed index could predict epidemic onset with a lead time of approximately six weeks. This 

suggests potential for early warning systems based on climate indicators. 

Thomson et al. (2006) similarly used climate data to build a predictive model for meningitis 

outbreaks, identifying strong associations between rainfall, dust, and the disease calendar (i.e., 

pre-, peak-, and post-epidemic seasons). However, they also noted that annual data, though 

useful, mask important intra-seasonal dynamics crucial for accurate outbreak prediction. 

2.3.2 Temporal and Spatial Variability in Meningitis Patterns 

Broutin et al. (2007) analyzed long-term data across nine AMB countries, uncovering a 

periodicity in meningitis outbreaks ranging from 8 to 12 years. Yet this pattern was inconsistent 

across countries and time periods, partly due to the limitations of low-resolution (yearly) 

datasets that obscure finer-scale seasonal behavior. Yaka et al. (2008) compared Burkina Faso 

and Niger, finding a stronger climatic influence in Niger due to enhanced Harmattan winds, 

while the statistical relationship in Burkina Faso was inconclusive despite similar climatic 
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conditions in both Sahelian countries. This underlines the need for higher-resolution, localized 

data to improve understanding of climate–disease interactions. 

Agier et al. (2013) addressed this issue by using weekly district-level data in Niger to study the 

timing of climate signals (dust, temperature, wind, humidity) and meningitis outbreaks. They 

observed consistent time lags across districts, reinforcing the hypothesis that dust may damage 

the pharyngeal mucosa and facilitate bacterial invasion. Their findings support integrating dust 

data into early warning systems. 

Martiny and colleagues (2013) explored how varying dust concentrations at different altitudes, 

along with relative humidity levels, impact the meningitis calendar. They observed that early-

year dust loads correlate with epidemic onset, and that meningitis and dust peaks follow each 

other with short lags (0–2 weeks). Deroubaix et al. (2013) confirmed a one-week lag between 

dust and meningitis peaks, suggesting that both the duration and intensity of epidemics are 

closely linked to dust dynamics. 

2.3.3 Forecasting and Modelling Approaches 

García-Pando et al. (2014) developed statistical models using national and district-level data in 

Niger. Their models indicated that early dry-season wind and surface dust levels partially 

explain meningitis seasonality. However, they emphasized that climate alone is insufficient for 

accurate prediction vaccine effects must also be considered. Diokhane et al. (2016) used WRF 

model simulations to show elevated dust levels in 2012 in Senegal, a year with high meningitis 

incidence. 
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Mueller et al. (2017) assessed health surveillance data from 13 districts in Burkina Faso over a 

decade, while Jusot et al. (2017) identified high temperatures and reduced visibility as 

significant risk factors for meningitis in Niger. 

Collectively, these studies underscore the importance of integrating climatic risk factors dust, 

temperature, low humidity alongside social determinants such as human contact rates and co-

infections, into comprehensive disease models. This approach is essential for improving 

outbreak forecasting and tailoring public health responses in the region. 

2.3.4 Operationalising Early Warning Systems 

Recent advances have focused on operationalizing early warning systems. Dione et al. (2022) 

co-developed a Meningitis Early Warning System (MEWS) in collaboration with ACMAD and 

WHO AFRO. By combining sub-seasonal to seasonal (S2S) forecasts of temperature, relative 

humidity, and dust, they provided a two-week lead time for meningitis alerts across the AMB. 

Their results showed that dry and warm atmospheric conditions could be predicted in advance, 

helping public health officials prepare for potential outbreaks. 

Similarly, Yarber et al. (2023) identified a two-month lag between the onset of the dust season 

and meningitis outbreaks in Senegal. The dust season, driven by strong northeasterly winds, 

starts in February and peaks in early April, while meningitis cases decline by June when 

humidity rises. 

2.3.5 Recent Evidence and Ongoing Challenges 

Recent studies continue to clarify regional differences in environmental drivers. Diouf et al. 

(2025) found that in the Sahel (SAH), meningitis outbreaks are closely associated with high 

dust levels, elevated temperatures, and relative humidity below 20%. In contrast, in the 
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Guinean Gulf (GG), outbreaks are linked to high PM10 levels, temperature anomalies, and RH 

below 45%. These findings emphasize the potential value of environmental monitoring with 2–

6 week lead times for outbreak prediction. 

Other research (e.g., Pandya et al., 2015) demonstrated that maintaining average RH levels 

above 40% for several weeks can naturally suppress meningitis outbreaks. Despite this growing 

body of evidence, climate information remains underutilized in decision-making processes 

related to epidemic preparedness and control. 

As Sultan et al. (2005) noted, a key challenge for modern epidemiology is identifying the 

spatial and temporal scales necessary to effectively link meningitis patterns with large-scale 

meteorological phenomena such as the El Niño–Southern Oscillation (ENSO). Progress in this 

area could significantly enhance our ability to anticipate, prevent, and manage future outbreaks 

in the African Meningitis Belt. 

2.4 Environmental and Meteorological Drivers 

2.4.1 Wind Dynamics and dust transport 

The African Easterly Jet (AEJ), a strong wind associated with the Harmattan circulation during 

the boreal winter and spring, has been shown to transport aerosols from the Bodélé Depression 

in Chad towards the GG region (Thiam et al., 2024). However, vertical mixing is weak during 

this period, meaning the dusty Saharan air layer remains below 2 km above sea level. The AEJ 

is located between 500 and 700 hPa (Cook, 1999; Thorncroft and Blackburn, 1999) and is 

centred near the equator in winter, shifting northwards to around 13–15°N at the height of 

summer (black arrows). Variations in the AEJ's position and intensity in latitude during winter 

and spring (Figure. 2.2b) and summer (Figure. 2.2a) lead to changes in precipitation at both 

intraseasonal and interannual timescales in the Sahel (Jenkins et al., 2005; Sylla et al., 2011). 
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Figure 2.2: Schematic description of the positions of the African Easterly Jet (AEJ) and the 

Tropical Easterly Jet (TEJ) over the African continent in August (a) and January (b). Source: 

Thiam et al., 2024. 

 

 

 

 

 

 

 

 

 

 

 



18 

 

Wind speed and direction influence the distribution of dust and meningitis pathogens across 

vast areas. The strong, dry, hot, dusty northeasterly wind known as the Harmattan transports 

large quantities of Saharan dust from the ground level over the Sub-Saharan region and West 

Africa in general during the boreal winter and spring (Carlson and Prospero, 1972). This 

creates a favourable environment for disease transmission by exacerbating the drying of the 

respiratory tract and reducing visibility and relative humidity (Adedokun et al., 1989), 

consequently increasing indoor activities. Blowing southward from the Sahara Desert across 

West Africa during the dry season, the Harmattan wind is driven by a north-south pressure 

gradient associated with a strengthened subtropical anticyclone (Vallès et al., 2025). This 

gradient arises from the high-pressure system over the Sahara Desert and the low-pressure 

system over the Gulf of Guinea, creating a flow of air from north to south. During the winter, 

the subtropical anticyclone particularly the Azores becomes more intense, amplifying the 

pressure difference and enhancing the southward air movement. This intensified system 

transports significant quantities of Saharan dust and dry air across the region (Vallès et al., 

2025). It thus significantly influences the weather, climate and air quality in West Africa. 

Elsewhere, the migration of the Intertropical Convergence Zone (ITCZ) affects the Harmattan 

wind and indicates how far south the winds travel, as this is where the two trade winds (the 

Harmattan and the monsoon) converge and where high dust concentrations are found. The 

interaction between the Harmattan trade wind and the ITCZ triggers the West African Monsoon 

(WAM). The latter influences regional climate and weather patterns, and announces the end of 

the meningitis season in West Africa (Martiny & Chiapello, 2013; Diouf et al., 2025). 

Furthermore, in the context of climate change, projections highlight changes in the timing, 

intensity and geographical extent of the Harmattan season (Prospero, 2002; Pörtner, 2022). 
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Therefore, a southward shift of the ITCZ due to global warming may delay the onset of the 

Harmattan season and reduce its duration (Biasutti & Giannini, 2006; Nicholson, 2013). Thus, 

shifts in wind patterns affect both dust transport and the spread of climate-sensitive diseases on 

a spatiotemporal scale. 

It is important to understand the mechanisms involved in global wind circulation, monitor dust 

variability around the world depending on the season, and assess its impact on human health. 

 

2.4.2 Temperature 

It is widely recognized that the global temperature has increased over the past few decades due 

to the increased emissions of anthropogenic greenhouse gases, which may be responsible for 

climate change. Projections of climate variables show an increase in the frequency, severity and 

duration of extreme weather events. Increasing temperatures influence pathogen survival, host 

immunity and environmental factors such as humidity and dust emissions. For example, 

warmer temperatures often reduce humidity, which can desiccate bacteria and reduce their 

survival rate. In arid and semi-arid regions, higher temperatures associated with dust storms can 

facilitate the spread of pathogens by providing a medium for their transportation.  In winter, 

fluctuations between rising daytime temperatures, cool nights and reduced relative humidity 

weaken mucosal barriers, thereby increasing susceptibility to bacterial meningitis. Furthermore, 

rising temperatures and decreasing precipitation in the sub-Saharan region are likely to 

exacerbate desertification, resulting in more intense surface dust events (Mulitza et al., 2010; 

Evan et al., 2014) and consequently increasing the risk of meningitis. In summary, temperature 

patterns and their influences, combined with the circulation of dust monitored by wind 
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dynamics, are crucial for understanding the spatiotemporal distribution of Neisseria 

meningitidis in the sub-Saharan region. 

 

2.4.3 Relative Humidity (RH) 

Relative humidity (RH) is defined as the amount of water vapour present in the air, expressed 

as a percentage of the amount needed for saturation at the same temperature. It plays a critical 

role in maintaining healthy indoor environments by regulating moisture levels and preventing 

the growth of harmful microorganisms. Low RH promotes the formation of indoor ozone, 

which irritates the mucous membranes and respiratory tract, making individuals more 

susceptible to infection. Dry air desiccates the mucosal membranes of the respiratory tract, 

reducing their ability to defend against bacteria. When RH is too high, it can create a damp 

environment that encourages the growth of harmful microorganisms, such as bacteria and 

viruses. Historically, RH has received less attention than Saharan dust in terms of studies on the 

relationship between climate and meningitis. Thus, it is challenging to estimate the appropriate 

RH threshold for any country. For example, Diouf et al. (2025) found that these thresholds 

were 20% and 40% for countries in the Sahel and Gulf of Guinea regions, respectively.  

Beyond dust, humidity, temperature and wind dynamics, rainfall patterns also play a significant 

role in the meningitis calendar. For example, the onset of the rainy season often marks the end 

of meningitis outbreaks, as increased moisture reduces dust concentration and improves 

mucosal hydration. Improved vegetation cover during the wet season helps stabilize the soil 

and reduce dust generation. 

Furthermore, anthropogenic activities such as urbanization and changes in land use, which 

affect air quality and dust emissions, have been found to indirectly influence meningitis 
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patterns. Indeed, advanced modeling efforts increasingly integrate these variables to predict 

meningitis risk, emphasizing the importance of environmental surveillance for early warning 

systems. Therefore, in light of the potential intensification of these environmental conditions 

under the effects of climate change, there is an increasing need to understand and mitigate the 

interactions between meningitis and its environmental drivers. This knowledge is crucial for 

optimizing vaccination campaigns, public health interventions and predictive modeling, and for 

ensuring better disease management in affected regions. 

 

2.4.4 Saharan Dust and Health Outcomes 

Aerosols, especially mineral dust, have emerged as a key component of the climate system and 

a major contributor to the natural aerosol load in the atmosphere (Wagner et al., 2016). They 

are also one of the most important environmental risk factors for meningitis epidemics 

(Figures. 2.3a and 2.3b). Higher concentrations of these particulates have been linked to an 

increased number of meningitis cases, highlighting their role as environmental stressors in the 

spread of disease. Aerosols are tiny particles suspended in the air, either as solids or liquid 

droplets. They can originate from human activities or natural sources. The Harmattan wind, 

which blows from the northeast from winter to spring, brings dust and biomass burning from 

the semi-arid regions of the GG and beyond. This creates a conducive environment for bacterial 

invasion and increases disease transmission (Agier et al., 2013). Thus, the particulate matter 

intensifies, deteriorating air quality and increasing respiratory diseases such as meningitis. Dust 

combined with hot, dry air can irritate the respiratory system and weaken the mucous 

membrane, enabling bacteria to enter the bloodstream more easily (Mueller & Gessner, 2010). 

Based on their size, aerosol particles are classified as particulate matter, such as PM10 and 
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PM2.5 (microscopic) and ultra-fine particles (nanoscopic). According to the World Health 

Organization (WHO, 2022), exposure to particulate matter concentrations of 10–25 µg/m³ can 

trigger inflammation. Furthermore, iron oxides embedded in dust particles may increase the 

risk of infection by promoting bacterial growth. This, in conjunction with hot and dry weather, 

exacerbates the situation by damaging the mucosal lining of the nose and throat, creating an 

environment conducive to bacterial meningitis, cardiovascular disorders and cancer. However, 

areas with strong pressure gradients, which are often associated with cyclones, experience wind 

speeds that elevate dust concentrations to levels exceeding 150 µg/m³, which is far above the 

limits recommended by the WHO. At such concentrations, daily mortality rates are estimated to 

rise by 5%, highlighting the urgent need for mitigation strategies. 

On the other hand, dust can absorb and reflect solar and terrestrial radiation, inducing surface 

cooling and altering the lifetime and albedo of clouds by acting as ice and cloud condensation 

nuclei. This results in the stabilization of the planetary boundary layer, which suppresses trans-

boundary transport of air pollutants and leads to an explosive rise in near-surface particulate 

matter concentrations. Additionally, anthropogenic pollutant concentrations originating from 

traffic patterns and sunlight-driven chemical reactions (through diurnal variations) can be 

indirectly elevated by dust through an alteration of the atmospheric circulation. 
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Figure 2.3: Figure 2.3: Impact of airborne particulate matter during dust events on human 

health. 
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2.5 Efforts made against meningitis disease 

Previous studies have already demonstrated an association between environmental conditions 

and meningitis occurrence. Creating healthier environments with zero meningitis cases has 

become one of the most pressing issues of our time. Efforts have been made to combat 

meningitis. The Bill and Melinda Gates Foundation has provided funding specifically 

earmarked for the manufacture and deployment of conjugated meningococcal vaccines in the 

African 'meningitis belt'. In 2007, the Meningitis Environmental Risk Information 

Technologies (MERIT) project was initiated to reduce the burden of meningitis epidemics in 

Africa. Led by the World Health Organization (WHO), MERIT has initiated disease modelling 

activities in some WA countries like Niger, Ghana, and is extending its efforts across the entire 

meningitis belt. Opportunities have been identified to integrate valuable climate, environmental 

and other information into meningitis prevention and control by developing the following: 

i) Current and future risk maps 

ii) Early warning systems 

iii) Improved impact assessment methodologies for prevention efforts In particular, one of 

MERIT's partners, the IRI, supports its problem-focused, demand-led, multi-stakeholder project 

by: i) providing climate expertise on monitoring and predicting the dry season, as well as on 

characterising dust, specific humidity and temperature, and the onset of the rainy season in the 

Meningitis Belt; ii) testing the means and implications of integrating climate information into 

the decision-making tools of the WHO and relevant Ministries of Health, which began in 

January 2010; and iii) education, training and outreach, specifically through implementing 

interdisciplinary workshops, such as the Summer Institute on 'Climate Information for Public 

Health'. The 'Defeating meningitis by 2030' global roadmap was approved by the World Health 
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Assembly in November 2020. The roadmap sets out a comprehensive vision for 2030: 

'Towards a world free of meningitis', with three overarching goals: 

⚫   Elimination of bacterial meningitis epidemics; 

⚫   Reduction of cases of vaccine-preventable bacterial meningitis by 50% and deaths by 70%; 

⚫   Reduction of disability and improvement of quality of life after meningitis due to any 

cause. 

 

2.6 Impacts vaccine against meningitis  

Polysaccharide and polysaccharide-protein conjugate vaccines have been used to combat 

meningitis (Greenwood et al., 1999). These vaccines provide long-lasting immunological and 

immunogenic memory to young children. Since December 2010, a conjugate meningitis 

vaccine called MenAfriVac has been recommended to protect people in sub-Saharan Africa 

against serogroup A. Over 277 million people aged 1–29 years old in 26 countries were 

immunised against NmA. More recently, NmCVs containing various combinations of serotypes 

A, C, W and Y have been licensed, as have safe and effective vaccines against Streptococcus 

pneumoniae (Spn) and Haemophilus influenzae type b (Hib). Although vaccination has 

significantly reduced the burden of meningitis, it remains a significant challenge. As 

recognized in the World Health Organization's (WHO) Immunization Agenda 2030, too many 

children have insufficient access to vaccines, partly due to the high cost of some of the most 

effective conjugate vaccines, which limits their availability in low- and middle-income 

countries. Furthermore, existing vaccine formulations do not necessarily reflect the serogroups 

of the disease most prevalent in countries with the highest burden. Even in countries where 

vaccines are accessible, there is no standard approach to vaccination. However, bacterial 
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meningitis (BM) induced by NmC, NmW and NmX remains an important public health concern, 

highlighting the need for a strategic, multi-sectorial approach to integrating new methods in 

order to achieve the WHO Immunization Agenda 2030. 

 

2.7 Potential Gaps Identified 

Many studies focus on specific countries, usually those most severely affected or where the 

disease is endemic. The differences in meningitis patterns across countries involved in the 

AMB, which may be a consequence of differences in climate and weather conditions between 

the Sahel (dry air and hot conditions) and the Gulf of Guinea (wet air and cool conditions), are 

poorly documented. Most studies concentrate on short-term or specific years, failing to 

consider the long-term impact of climate variability on environmental and socioeconomic 

variables. There is a need for more high-resolution spatial analyses that consider local and 

global variations in disease outbreaks and burden. While several studies highlight the key 

influence of Saharan dust on meningitis outbreaks, understanding the mechanisms involved in 

aerosol dynamics, such as emission, transport and deposition, is of vital importance in order to 

better prevent dust events and anticipate support, awareness, preparedness and response actions 

for meningitis outbreaks. Predictive models that combine the effects of environmental, climatic, 

weather and socio-economic factors simultaneously could enhance understanding and guide 

public health interventions. For this, an artificial intelligence approach is crucial. 
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2.8 Large-Scale Climate Drivers and Their Influence on West African Climate and Dust 

Activity 

The association between surface dust load and meningitis cases is particularly strong, making 

dust an essential component in predictive outbreak models. The climate of West Africa is not 

only shaped by local weather conditions but also by large-scale atmospheric and oceanic 

phenomena such as El Niño–Southern Oscillation (ENSO), commonly referred to as climate 

drivers. It influence the distribution of rainfall, surface temperature, relative humidity, wind 

patterns and the mobilization and transport of Saharan dust, which is a key environmental 

determinant of BM outbreaks in the AMB. However, Saharan dust has been shown to induce 

lower tropospheric warming and stabilisation by blocking shortwave radiation, which leads to 

strong sea surface warming off the coast of northwestern Africa (Roy et al., 2001; García et al., 

2017). In addition, warm sea surface temperatures (SSTs) cause a release of heat flux: the air 

above warms and rises, creating a low-pressure area. Conversely, on the cold side, the air cools 

and becomes denser, resulting in the development of a high-pressure zone. This pressure 

gradient influences the direction of the wind, which shifts from high-pressure to low-pressure 

zones. As the wind enters a region of low pressure and accelerates towards high pressure, it 

tends to slow down. Consequently, massive mineral dust deposition is observed at equatorial 

latitudes in winter and in spring between 5°N and 10°N, while in summer, high dust 

concentrations are carried towards the Canary Islands (17°N–30°N) (Rodríguez et al., 2023). 

Researchers like Prospero et al. (2003), DeFlorio et al. (2016) and  Vallès et al. (2025), 

demonstrated the mechanism by which ENSO events alter the wind regime of the tropics, 

affecting dust production and transport over the Sahara, through a negative correlation between 

Dust Aerosol Optical Depth (DAOD) anomalies in JFM (winter) and the El Niño3 index. 
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According to Prospero et al. (1996), Nakamae et al. (2013) and Vallès et al. (2025), similar 

atmospheric patterns in the North Atlantic, such as the North Atlantic Oscillation (NAO), can 

influence the transport of dust across the tropical Atlantic. Furthermore, the positions of the 

Intertropical Convergence Zone (ITCZ), where the two trade winds (Harmattan and monsoon) 

converge, indicate how far the winds may travel. Here, the West African Monsoon (WAM) 

originates, and it is highly affected by El Niño–Southern Oscillation (ENSO) events. 

Consequently, the WAM not only influences regional climate and weather patterns, but also 

signals the end of the meningitis season in West Africa. 

Therefore, understanding atmospheric and oceanic forcing through surface wind direction and 

intensity could be invaluable for meningitis prediction, the development of early warning 

systems, and the planning of targeted vaccination campaigns to mitigate future occurrences. 

 

2.9 Predictive Models and Early Warning Systems 

Over the past six decades, artificial intelligence (AI) has become widely used in various areas 

of medical research and clinical practice (Tran et al., 2019; Mousavi et al., 2023). In recent 

years, numerous studies have employed these approaches to forecast infectious outbreaks. 

These studies have demonstrated that machine learning (ML) algorithms can predict the onset 

and spread of infectious illnesses with an accuracy comparable to or better than that of 

traditional statistical methods (Santangelo et al., 2023). Healthcare organizations also use AI 

methods such as artificial neural networks (ANNs) to enhance data analysis, clinical diagnosis, 

the prediction of cancer and other illnesses, image analysis and interpretation, patient care, and 

the creation of diagnostic and prognostic models for forecasting the course of disease 

transmission (Lalmuanawma et al., 2020; Sear et al., 2020). These methods consume less 
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energy (Kostic et al., 2019; Shah et al., 2019). ML is a branch of artificial intelligence that can 

analyse large and complicated datasets to spot patterns and trends that may be difficult for 

people to identify.  Supervised learning involves training a model using a variety of inputs (or 

features) connected to a predetermined result. Models trained by supervised learning can 

produce discrete predictions, such as positive or negative, benign or cancerous, or continuous 

predictions in the form of a score ranging from 0 to 100. 

In this thesis, we employed ML algorithms to forecast meningitis patterns under various 

climate scenarios, and then reconstructed past meningitis incidences by using historical 

environmental datasets for simulation. 
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CHAPTER THREE 

                                                  MATERIALS AND METHODS  

  

3.1 Description of the Study Area 

The study area includes West African countries within the AMB, such as Senegal, Guinea, 

Mali, Niger, Nigeria, Burkina Faso, the Ivory Coast, Ghana, Benin and Togo (Fig 3.1c). The 

climate in West Africa is mostly linked to the movement of the inter-tropical front, also known 

as the Intertropical Convergence Zone. This is the interface between warm, humid air masses 

and cold, dry ones. It migrates annually from north to south based on the sun's position and 

marks the different seasons in West Africa. Countries south of the Sahara, in the humid coastal 

region, experience one rainy season lasting from one to six months. Only the southernmost 

coastal regions, from Liberia to Nigeria, experience two rainy seasons: a long one and a shorter 

one. Furthermore, as it is in the northern hemisphere, between December and March, the 

anticyclonic (high-pressure) zone centred over the Sahara generates a dry, dusty harmattan 

wind that blows almost constantly from the northeast. This dries out all landscapes down to the 

Atlantic coast and transports large quantities of ground-level Saharan dust over the Sahelian 

and Gulf of Guinea regions. During this period, temperatures initially cool from December to 

February alongside the coastal regions, but then gradually rise to excessive levels, reaching up 

to 45°C in the shade in April and May. Meanwhile, the atmosphere becomes drier by the day, 

with relative humidity fluctuating between 10% and 20% in the months preceding the rainy 

season. West Africa is one of the most densely populated regions. In summer, the anticyclone is 

replaced by a low-pressure zone that brings warm, humid winds from the Gulf of Guinea 

(Zwarts et al., 2009; Arbonnier, 2000). These two seasons characterise the onset and offset of 
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the meningitis season, suggesting the important role of climate factors in driving the occurrence 

and calendar of the disease. 
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Figure 3.1: West African countries included in the African Meningitis Belt (c), Surface wind 

and precipitation in Africa: a) in boreal summer and b) in boreal winter  
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3.2  Data Sources 

3.2.1 Meningitis Data 

Weekly meningitis case data are collected at country level and shared with the World Health 

Organization (WHO), which makes this information publicly available via the following link:  

https://www.menafrinet.org/. For our study, we downloaded the data for the period from 

January to June (26 weeks per year), spanning the years from 2006 to 2020. However, data for 

Senegal and Guinea were only available from after 2010. The months selected were based on 

previous studies reporting the seasonal occurrence of meningitis in most countries within the 

AMB (Martiny and Chiapello, 2013; Deroubaix et al., 2013; Sultan et al., 2005). 

 

3.2.2 Aerosols Datasets 

This study utilises three dust aerosol indices: Aerosol Optical Depth (AOD at a wavelength of 

550 nm), Dust Column Mass Density (DUCMASS) and the Particulate Matter index (PM10). 

AOD and DUCMASS are taken from the Modern-Era Retrospective Analysis for Research and 

Applications (MERRA, version 2), and PM10 comes from Copernicus. 

 

3. 2.2.1 MERRA-2 Reanalyses 

MERRA-2, provided by NASA’s Global Modeling and Assimilation Office (GMAO) 

(Bosilovich et al., 2016; Gelaro et al., 2017), is the latest atmospheric reanalysis including 

aerosols for the satellite era after 1979. It is based on the latest version of the Goddard Earth 

Observing System Model (GEOS-5, 5th edition) data assimilation system (Rienecker et al., 

2008), incorporating an updated model (Molod et al., 2015) and a global statistical interpolation 

scheme (Wu et al., 2002). The MERRA-2 aerosol assimilation component (Randles et al., 

https://www.menafrinet.org/
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2017) provides various variables relating to different aerosol species, including black carbon, 

organic carbon, mineral dust, sea salt and sulphurous aerosols (SO₂ and SO₄) (da Silva et al., 

2015). Information on the procedure and validation of the MERRA-2 aerosol data assimilation, 

as well as the results of comparisons with observations, can be found in Randles et al. (2017) 

and Buchard et al. (2017). In this study, we extracted the dust column mass density 

(DUCMASS) in kg m^(−2) to represent the atmospheric dust content from the MERRA-2 

tavgM_2d_aer_Nx product (GMAO, 2015), as well as the aerosol optical depth (AOD) at a 

wavelength of 550 nm, to quantify the amount of aerosols present in an atmospheric column. 

Both MERRA-2 dust data files can be downloaded from the Goddard Earth Sciences Data and 

Information Services Center (https://disc.gsfc.nasa.gov/) and 

(https://goldsmr4.gesdisc.eosdis.nasa.gov/data/MERRA2/ M2I3NXGAS.5.12.4/) respectively. 

MERRA-2 has a time coverage from 1980 to the present and a horizontal resolution of 0.5° × 

0.625°, with a temporal resolution of 3 hours. The choice of the 550 nm wavelength is justified 

by its proximity to visible radiation, which affects visibility during dust events.  

 

3. 2.2.2 CAMS Reanalyses 

The Copernicus Atmosphere Monitoring Service (CAMS) provides two reanalysis products: 

the CAMS global reanalysis (EAC4), which currently covers the period from 2003 to 

December 2023; and the CAMS global greenhouse gas reanalysis (EGG4), which currently 

covers the period from 2003 to 2020. The CAMS reanalysis is the latest global atmospheric 

composition (AC) reanalysis dataset produced by the Copernicus Atmosphere Monitoring 

Service. It consists of three-dimensional, time-consistent AC fields, including aerosols, 

chemical species, and greenhouse gases. The CAMS reanalysis was produced using 4DVar data 

https://disc.gsfc.nasa.gov/
https://goldsmr4.gesdisc.eosdis.nasa.gov/data/MERRA2/%20M2I3NXGAS.5.12.4


35 

 

with 12-hour assimilation windows from 09:00 UTC to 21:00 UTC and from 21:00 UTC to 

09:00 UTC in CY42R1 of ECMWF’s Integrated Forecast System (IFS). It has 60 hybrid 

sigma/pressure levels in the vertical, with the top level at 0.1 hPa. Atmospheric data are 

available at these levels, which are also interpolated to 25 pressure levels, 10 potential 

temperature levels and 1 potential vorticity level. The parameter used is PM10, which 

quantifies air pollution concentration (Deroubaix et al., 2013). Daily time-step PM10 data is 

available at https://ads.atmosphere.copernicus.eu/cdsapp/. According to Deroubaix et al.,  

(2013), a high correlation exists between PM10 and AOD at 550 nm during the boreal winter 

and spring, peaking in March and April. We combined both parameters to explore the 

relationship between dust and meningitis. PM10 has a time step of three hours and a horizontal 

resolution of 0.75° × 0.75°. 

 

3. 2.3 ERA5 Reanalyses  and  HadISST 

This study uses the following meteorological variables: temperature; zonal (u) and meridional 

(v) wind components; sea level pressure (SLP); and relative humidity (RH). Wind stress is 

responsible for transferring momentum from the atmosphere to the ocean; therefore, it can be 

interpreted as the surface wind that modifies the surface of the ocean (Stewart, 2008). These 

data were obtained from ERA5 hourly pressure level data from 1940 to the present day. ERA5 

is the fifth-generation reanalysis from the ECMWF (European Centre for Medium-Range 

Weather Forecasts), providing comprehensive global climate and weather data from the past 

eight decades. ERA5 datasets offer high temporal and spatial resolutions, with hourly data and 

0.25° x 0.25° grid spacing respectively. For our analysis, we selected the 1000 hPa pressure 

https://ads.atmosphere.copernicus.eu/cdsapp/
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level, which is closest to the Earth's surface. These datasets can be downloaded via the 

following link:  

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab= 

overview 

 The Sea Surface Temperature (SST) data are from the Met Office Hadley Centre (HadISST). 

This data is used to identify global teleconnections with Sahara dust activity. The data span the 

period from 1870 to the present on a monthly basis, with a horizontal longitude/latitude 

resolution of 1° x 1° (Rayner et al., 2003; Mohino et al., 2015). 

Satellite and reanalysis data provide a more comprehensive and reliable perspective on the 

variability of climatic parameters. 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab=overview
https://www.metoffice.gov.uk/hadobs/hadisst/HadISST_paper.pdf
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Table 3.1: Summary of all datasets used in this study 

Datasets Sources Parameters Units Spatial resolutions Temporal 

resolutions 

WHO Cases meningitis  Country level Weekly 

 

MERRA-2 

AOD           nm  

 

0.25O X 0.625O 

 

 

 

3 Houres DUCMASS           Kg.m-2 

Copernicus PM10           Kg.m-3 

 

 

ERA5 

Temperature           K  

 

 

0.25O X 0.25O 

 

 

 

6 Houres 

Relative Humidity           % 

Zonal wind 

component 

          m.s-1 

Meridional wind 

component 

          m.s-1 

Mean Sea Level 

Pressure 

          Pa 1O X 1O Monthly 

HadISST Sea Surface 

Temperature 

               OC 1° x 1° Monthly 
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3.3  Methods 

To this end, we employed a variety of statistical methods to gain a better understanding of how 

environmental conditions influence the temporal and spatial distribution of meningitis. 

To achieve the objectives one and two, we employed various statistical methods to better 

understand how environmental conditions influence the temporal and spatial distribution of 

meningitis over WAMB. The analysis was divided into two main periods based on the 

introduction of MenAfriVac: the pre-vaccination period (2006–2009) and the post-vaccination 

period (2010–2020). In addition, the study area was divided into two distinct regions, the SAH 

and the GG, in which climatic factors and meningitis cases are spatially averaged for the 

associated countries (Fig 2a–d).  

 

3.3.1 Statistical Methods 

3.3.1.1 Seasonal  and Intra-seasonal Cycle 

To explore the seasonal cycle, we use weekly values ranging from week 1 to week 26 

(January–June) for both environmental variables and meningitis incidence. To investigate the 

intra-seasonal variability of environmental conditions, we focused on: 

• boreal winter (December, January, February: DJF): during this period, the Sahel is dry and 

affected by the Harmattan trade winds, while the Gulf of Guinea experiences dry but humid 

conditions with dust events originating from Bodélé Depression. 

• boreal spring (March, April, May: MAM): is characterized by extreme heat with increasing 

humidity in the SAH, whereas the GG enters in the rainy season. 
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3.3.1.2 Intra-seasonal and Interannual anomalies  

The weekly meningitis data were converted to monthly data and averaged for the Sahelian 

countries (Burkina Faso, Niger, Nigeria and Mali) to represent the Sahel region (SAH). Guinea 

and Senegal which available data started in 2010  and 2012 respectively were not considered in 

this case in order to avoid more bias. The same approach was used to address the GG regions 

including, Ivory Coast, Benin, Togo and Ghana. We then computed the seasonal anomalies by 

subtracting the seasonal cycle for dust and climate variables from 1980 to 2020 and for the 

meningitis data from 2006 to 2020. To isolate interannual and interseasonal variability, we 

applied the detrend methodology to the anomalies. To investigate the teleconnection between 

climate variables and Saharan dust, we considered the period from 1980 to 2020. To highlight 

their influence on meningitis in the SAH and GG regions, however, we considered the period 

from 2006 to 2020. 

 

3.3.1.3 Empirical Orthogonal Functions (EOF)/Principal Component Analysis (PCA) 

For the inter-annual variability analysis, we applied the Empirical Orthogonal Functions (EOF) 

analysis, also known as Principal Component Analysis (PCA) (Each pattern is associated with a 

principal component (PC) time series, which describes the temporal evolution of the EOF 

patterns (Von Storch and Zwiers, 2001; Marta et al., 2016; Diouf et al. 2025). Each variability 

mode explains a fraction of the total variance of the original field (Von Storch and Zwiers, 

1999; Sultan et al., 2005). Given an environmental variable Y with (space, time), dimensions, 

the PCA methodology involves the following step: 

1. Calculating the weekly standardized anomalies of Y by subtracting for each grid point, the 

mean of each week over all years from the respective weekly values. 
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2. Calculating the covariance matrix of Y as C = Y*Y’                                   (3.1) 

where Y’ being the transpose of Y and Y dimensioned in [space (rows), time (columns)]. 

3. Diagonalizing the matrix C computing the the eigenvalues, eigenvectors (EOFs), and 

principal components (PCs) of Y, considering the SAH and GG regions separately over the 

entire study period. 

4. Selecting the leading modes of variability of Y and investigating their impact on meningitis, 

relating the PCs with the standardized weekly anomalies of cases. 

 

3.3.1.4  Spearman and Lead-Lag Correlation analysis 

To quantify the relationship between environmental variability and meningitis incidence, we 

performed a Spearman correlation analysis between the first PCs of each environmental 

variable and the weekly standardized anomalies of meningitis cases (w1–w26).  

To explore the precursor role of environmental variables on the disease incidence, a led-lag 

correlation analysis was conduced.  

• For the SAH region, the anomalous meningitis cases index was fixed in MAMJ (week 9 to 

week 24) while the lags were calculated over a period of 16 weeks, moving backward one week 

at a time. For instance, lag −1 is corresponds to weeks 8–23, lag −2 to weeks 7–22, and so on. 

• For the GG region, the anomalous cases index was fixed in FMAMJ (week 5 to week 24) with 

lags calculated over 20 weeks, shifting one week backward. Thus, lag −1 corresponds to weeks 

5–23, lag −2 to weeks 4–22 and so on. 

Finally, a Student’s t-test was applied to assess the statistical significance of the correlations 

calculated at a 90% confidence level. 
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3.3.1.5 Regression maps 

To determine the leading patterns of interannual aerosol optical depth (AOD) variability over 

West Africa (4°N–18°N, 20°W–15°E) from 1980 to 2020, we applied EOF analysis (see 

objectives 1 and 2) to decompose the spatiotemporal AOD into orthogonal modes in terms of 

EOF patterns. We then identified the AOD variability mode significantly associated with 

meningitis incidence and performed a lag correlation analysis using the Spearman method with 

a 95% confidence level between the AOD PCs and the standardised meningitis case anomalies.  

We then selected the identified PCs of AOD and explored the precursor role of sea surface 

temperature (SST), sea level pressure (SLP) and wind direction on dust distribution through 

lagged regression map analysis. Statistical significance was assessed using a Monte Carlo 

approach involving the generation of 100 random regressions with an equal number of positive 

and negative events drawn from the entire time series. This large number of iterations enables 

implementation of a 90% confidence level based on a two-tailed t-test.  Analogue regression 

maps were computed using the time series of the disease in GG and SAH, as well as the global 

SST, SLP and wind component in the same seasons, which are significantly correlated with the 

PCs of AOD. Comparing these maps with those of the climate variables and the PCs of AOD 

can provide useful information about the interlinkage between the different patterns of AOD 

and bacterial meningitis. 

 

3.3.1.6 Composite Analysis 

To support the results of the regression map of climate indices such as ENSO modulating the 

seasonal variability of Saharan dust and its impact on the meningitis calendar, we analysed the 

Ocean Niño Index (ONI). According to Huang et al. (2017) and Xu et al. (2024), the ONI is 
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calculated as the three-month running mean of SST anomalies in the Niño 3.4 region (5°N–5°S, 

120°W–170°W), based on centred 30-year reference periods updated every five years (Climate 

Prediction Center, 2020). The phase and intensity of ENSO events are characterised by 

monthly sea surface temperature (SST) anomalies in the Niño 3.4 region (5°N–5°S, 120°W–

170°W) (Trenberth, 1997). The three-month running mean of the monthly SST was averaged 

over the Niño 3.4 region to represent the Oscillation Niño Index (ONI). The standard deviation 

of the ONI index was then calculated for each month from 1980 to 2020. As shown in Figure 

4.15a, December has relatively large standard deviations (1.3), so we consider the December–

February (DJF) season to characterise ENSO events, which peak in winter. Five typical ENSO 

events were identified during 1980–2020: 1982–1983, 1991–1992, 1997–1998, 2009–2010, 

and 2015–2016. The corresponding La Niña (LN) events were 1988–1989, 1998–1999, 1999–

2000, 2007–2008, and 2010–2011. 

A composite analysis was applied based on these ENSO events in order to identify and describe 

the processes associated with large-scale climate indices and Sahara dust variabilities (von 

Storch and Zwiers, 2001). Global sea surface temperature (SST) and regional aerosol optical 

depth (AOD) and dust load mass (DLM) distribution were constructed for the ENSO years to 

reveal differences in spatial distribution patterns. 

 

3.3.2 Artificial intelligence Modeling Techniques 

The complexity of developing numerical models that combine environmental and 

socioeconomic factors with meningitis incidence poses a significant challenge to scientists 

involved in predicting meningitis, particularly in tropical systems such as the African 

meningitis belt. In this context, researchers have recommended using machine learning (ML) 
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models to produce sensible disease predictions. To identify potential climate variables 

associated with the disease in West Africa at a country level, various ML models were 

developed using the climate indices and environmental data mentioned above. Regularisation 

approaches such as Ridge Regression, Least Absolute Shrinkage and Selection Operator 

(LASSO) and ElasticNet are often used to address the issue of multicollinearity, whereby there 

is a high degree of correlation among the predictor variables. Meanwhile, boosting algorithms 

such as adaptive boosting (AdaBoost), gradient boosting (GBoost), categorical boosting 

(CatBoost) and extreme gradient boosting (XGBoost) can prevent overfitting and optimise 

computational resources. However, random forests (RF) rely on the diversity of independently 

trained trees. 

 

3.3.2.1 Description of the models 

3.3.2.1.1 Ridge regression 

Ridge regression, developed by Hoerl and Kennard (1970a), is used to reduce the impact of 

multicollinearity between environmental variables. It is an extension of the ordinary least 

squares (OLS) regression method, improving the stability of parameter estimates by adding a 

regularisation term (L2) that penalises large coefficients (Arief et al., 2024). 

Although ridge regression introduces slight bias into the estimation process, it enhances model 

robustness and provides better generalisation performance (Fanny et al., 2018). 

The main steps in ridge regression analysis include: 

a) Selecting the optimal λ (regularization strength) via cross-validation. 

b) Performing ridge regression with the selected λ using the following formula: 
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β̂ridge=arg min{∑
i= 1

n

(yi − β0−∑
j= 1

p

β j xij )
2

+ λ∑
j= 1

p

β j

2

}                   (3.2) 

 

 

3.3.2.1.2 Least Absolute Shrinkage and Selection Operator (LASSO) 

The Least Absolute Shrinkage and Selection Operator (LASSO) is a regularised regression 

technique that performs both parameter estimation and feature selection. Unlike Ridge 

regression, which only shrinks coefficients, LASSO adds a penalty based on their absolute 

values. This penalty can reduce some coefficients to zero, effectively removing less important 

predictors from the model. 

This simplifies the model, improving its interpretability while mitigating the effects of 

multicollinearity among predictors (Sartika et al., 2020; Arief et al., 2024). 

The main steps in LASSO regression analysis are: 

a) Selecting the optimal λ (regularization parameter) through cross-validation. 

b) Performing LASSO regression using the optimal λ, following the formula: 

 

β̂lasso =arg min{∑
i= 1

n

( yi − β0−∑
j= 1

p

β j xij )
2

+ λ∑
j= 1

p

|β j|
2

}                       (3.3) 

 

3.3.2.1.3 Elastic net 

Elastic Net is a regularised regression technique that combines the strengths of Ridge 

regression and LASSO. By incorporating L1 (LASSO) and L2 (Ridge) penalties into a single 

loss function, Elastic Net efficiently handles multicollinearity and performs variable selection 

(Zou & Hastie, 2005; Arief et al., 2024). This dual regularisation framework strikes a balance 

by shrinking coefficient estimates for greater stability while permitting some coefficients to be 

reduced to zero, thereby simplifying the model. The main steps in Elastic Net regression are: 
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a) Selecting the optimal λ (regularization parameter) through cross-validation, along with an α 

value between 0 and 1, which controls the balance between L1 and L2 penalties. 

b) Performing Elastic Net regression with the optimal λ and α using the following loss function: 

 

β̂EN =argmin{∑
i= 1

n

( yi − β0−∑
j= 1

p

β j xij )
2

+(a∑
j= 1

p

| β j|+(1− a )∑
j= 1

p

β j

2)
2

}           (3.4) 

 

3.3.2.1.4 Random Forest (RF) 

Random Forest (also known as Random Decision Forest) is an ensemble learning technique 

used for both classification and regression tasks. It operates by constructing a large number of 

decision trees during the training phase and outputs the mean prediction (for regression) or the 

majority vote (for classification) of the individual trees (Amit & Geman, 1997; Breiman, 2001; 

Ho, 1998; Fernández-Delgado et al. 2014; Caruana and Niculescu-Mizil 2006; Rokach 2016). 

Random Forest addresses the tendency of individual decision trees to overfit their training data 

by introducing randomness through two mechanisms: 

Bootstrap sampling: each tree is trained on a random subset of the training data (with 

replacement). 

Random feature selection: at each split in a tree, a randomly selected subset of features is 

considered, which introduces diversity among the trees. 

This ensemble approach enhances generalization performance and makes Random Forest 

robust to noise and overfitting (Wager, 2016; Borup et al., 2023). 
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3.3.2.1.5 Adaptive Boosting (AdaBoost) 

AdaBoost is an ensemble learning technique that improves the performance of weak learners 

(typically decision trees with shallow depth) by combining them into a single strong predictive 

model. AdaBoost works by sequentially training weak learners, where each subsequent model 

focuses more on the instances that were misclassified by previous ones. The final prediction is 

a weighted sum of the individual learners' outputs, with higher weights assigned to more 

accurate models (Mishra et al., 2020). 

This adaptive mechanism allows AdaBoost to progressively reduce errors and improve 

prediction performance. For example, Mishra et al. (2020) successfully applied AdaBoost to 

forecast crop production under climate variability. In another study, Walker et al. (2019) 

demonstrated that AdaBoost models were more accurate and reliable than traditional logistic 

regression models for similar prediction tasks.  

 

3.3.2.1.6 Gradient Boosting (GBoost) 

Gradient boosting is a powerful algorithm for building predictive models, which works by 

optimising a specified loss function in a stage-wise fashion. This concept was extensively 

developed by Friedman (2021), who introduced the Gradient Boosting Machine (GBM) 

framework. 

Gradient boosting works by fitting new weak learners (typically decision trees) to the residual 

errors made by the ensemble of previously trained learners. This additive, sequential approach 

involves adding a new learner at each iteration to reduce the prediction error of the overall 

model. 
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The algorithm uses a gradient descent optimisation framework, which iteratively updates the 

model to minimise the loss function. The direction of steepest descent (the negative gradient) 

guides the algorithm in correcting its previous mistakes. When the gradient approaches zero, 

the model has either reached a local minimum of the loss function or is close to doing so. An 

important hyperparameter in this process is the learning rate, which determines the size of each 

step in the iterations. A smaller learning rate improves the model's ability to generalise, but 

requires more iterations to converge.  

 

3.3.2.1.7 Extreme Gradient Boosting (XGBoost) 

XGBoost is an advanced and more regularized variant of the Gradient Boosting algorithm. It 

incorporates L1 (Lasso) and L2 (Ridge) regularization to control model complexity and 

enhance generalization performance (Xiang et al., 2022; Liu et al., 2024). 

As a tree-based algorithm in the supervised learning category, XGBoost follows a sequential 

tree-building process, but with optimized parallel computation to speed up training. This 

combination of speed, scalability, and accuracy makes XGBoost highly effective and widely 

adopted in various domains, including health, agriculture, finance, and climate science (Nalluri 

et al., 2020; Shafay et al., 2020; Chen et al., 2020; Lee et al., 2022). 

Compared to traditional Gradient Boosting, XGBoost offers better performance due to its 

regularization, efficient handling of missing data, and built-in mechanisms for preventing 

overfitting.  
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3.3.2.1.8 Categorical Boosting (CatBoost) 

CatBoost is a gradient boosting algorithm developed by engineers at Yandex and specifically 

optimized for handling categorical features (Zhang et al., 2020). Unlike other boosting 

algorithms, CatBoost uses symmetric trees, meaning that the same feature is used to split the 

data at each level of the tree. This design produces a tree of depth k with exactly 2k leaves, 

which improves efficiency and consistency during both training and inference. 

During model training, a sequence of decision trees is built iteratively, with each new tree 

aiming to reduce the loss compared to the previous one (Shao et al., 2024). To avoid 

overfitting, the number of trees and other hyperparameters (such as tree depth and learning 

rate) are set during initialization. 

CatBoost is particularly effective in datasets with many categorical variables and is known for 

requiring minimal preprocessing, making it well-suited for real-world structured data 

application. 

 

3.3.2.1.9 Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) is a type of Recurrent Neural Network (RNN) designed 

specifically to analyze time series data and capture long-term dependencies. Originally 

proposed by Hochreiter and Schmidhuber (1997) and further refined in later works such as 

Gers et al. (2020), the LSTM architecture addresses the limitations of traditional RNNs, 

particularly the vanishing gradient problem. 

Unlike standard RNNs, which rely solely on the previous hidden state for computation, LSTMs 

introduce a cell state that acts as long-term memory. This cell state is regulated by three gates 

input, output, and forget gates that control the flow of information in and out of the cell. These 
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mechanisms allow the model to retain or discard information across time steps, making LSTM 

highly effective for sequential prediction tasks like disease incidence modeling. 

In this study, the LSTM model was implemented and evaluated using hyperparameter 

optimization techniques, including cross-validation and GridSearchCV, to identify the most 

effective configuration for predicting meningitis incidence based on time-dependent 

environmental data. 

 

3.3.2.1.10 Shap Values (Shapley Additive explanations) 

SHAP is a method for interpreting complex predictive models and understanding the 

relationship between input features and predicted outcomes (Yang et al., 2024). Based on 

principles from cooperative game theory, SHAP assigns each feature an importance value that 

quantifies its contribution to a given prediction. SHAP values allow modelers to decompose a 

prediction into the sum of individual feature contributions, providing a transparent explanation 

for how each variable influenced the model’s output. This helps not only in ranking feature 

importance but also in identifying whether a feature had a positive or negative impact on the 

prediction. 

Mathematically, a SHAP value represents the conditional expectation of a model’s prediction, 

averaged over all possible combinations of feature inputs. They are solutions to the following 

Shapley value equation from cooperative game theory:  

 

Φi ( f ,x )= ∑
z

' ⊆ x
'

|z'| ! (M −| z'|−1) !
M !

[ f x
(z' )− f x

( z'∖ i ) ]                      (3.5) 

 

where f x ( z' )= f (hx ( z' )❑)= E [ f (z)|zs| ]  and s is the set of non-zero indices in z
'

. SHAP used to 

increase the transparency and interpretability of machine learning models. 
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3.3.2.2 Performance Evaluation 

The selection of the best-performing model is based on goodness-of-fit metrics, primarily the 

coefficient of determination, commonly known as R-squared (R²) (Gujarati, 2021). This metric 

evaluates how well a model replicates observed data by measuring the proportion of variance in 

the dependent variable that is explained by the independent variables in the model. 

Mathematically, 𝑅² is defined as the ratio of the variance explained by the model to the total 

variance in the data. It is computed on the test dataset to assess the model’s generalization 

ability using the following formula: 

 

                                                 R 2 = 1 − 
RSSE

TSSR
                              (3.6) 

 

The numerator represents the residual sum of squares (RSS), or the unexplained variance, the 

denominator is the total sum of squares (TSS), or the total variance in the observed data. A 

higher R² value (closer to 1) indicates better model performance, while lower values suggest 

poor predictive capability. Although 𝑅² is widely used, it should be complemented with other 

metrics such as Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) to obtain a 

more comprehensive evaluation of model accuracy. 
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CHAPTER  FOUR 

                                                    RESULTS AND DISCUSSION 

The aim of this study is to achieve a complete characterization of the impact of climate on the 

incidence of meningitis in West Africa, and to determine the effect of meteorological conditions 

and Saharan dust on the seasonal cycle of meningitis. The study will also analyze the effect of 

meteorological conditions and Saharan dust on the interannual variability and spatial 

configuration of meningitis. 

4.1Meteorological conditions and Saharan dust effect on meningitis seasonal variability 

 

4.1.1 Meningitis belt and climatological environmental conditions 

The spatial extension of the meningitis belt in West Africa, along with the climatological 

values of key environmental variables (temperature, RH, surface winds) in boreal winter and 

spring is depicted in Figure 4.1. Countries within the “West African meningitis belt” extending 

from Senegal in the Nigeria are also shown. This region includes countries such as Mali, Niger, 

Nigeria, Burkina Faso, Ivory Coast, Ghana, Togo, and Benin (Figure 4.1a).  

During boreal winter (DJF), warm temperatures ranging from 28°C to 32°C are observed in the 

northern and central parts of the GG. These conditions are associated with relative humidity 

levels between 30% and 80% and high dust concentrations originating from the Bodélé 

Depression, which increase from the northern GG region towards the south (Figure 4.1b-c).  

During boreal spring (MAM), temperatures rise progressively from the GG region to the SAH, 

where they exceed 37°C. Conversely, relative humidity increases from 20% to 40% in the 

SAH, while it remains between 50% and 80% in the GG zone. However, Aerosol Optical 

Depth (AOD) increases significantly in the SAH, indicating higher dust concentrations (Figure 

4.1d-e).  
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The position of the Intertropical Front (ITF) located  at 8°N during DJF, and shifts northward to 

approximately 13°N in MAM (Figure 4.1c - e).  

In conclusion, dust particles observed at the surface during DJF, are lifted into higher 

atmospheric layers by the end of May, significantly influencing meteorological conditions 

during the dry season. 
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Figure 4.1: Climatology of the intra-seasonal variability of environmental variables over the 

West averaged for 2006-2020 WAMB averaged for 2006-2020. 
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4.1.2 Seasonal cycle of meningitis in WAMB before and after the vaccination 

Weekly meningitis cases reported from 2006 to 2009, prior to the introduction of MenAfriVac, 

reveal that the SAH countries (Figure 4.2.a) experienced the highest burden of the disease, with 

a weekly average exceeding 2,000 cases, whereas the GG countries (Figure 4.2.c) recorded a 

significantly lower incidence, averaging fewer than 100 cases per week. The epidemic peak in 

the SAH region occurred between the 4th week of March and the 2nd week of April, in contrast 

to the GG region, where peaks were observed earlier, between the 3rd and 4th weeks of 

February.  

From 2010 onward, a shift in the disease pattern is evident, with a significant reduction in the 

number of recorded meningitis cases in the SAH (Figure 4.2.b), due to the introduction of the 

vaccination. 

Conversely, the GG experienced an increase and extension in the duration of the epidemic, with 

a consistent average number of cases between 2006–2009 and 2010–2020, except in Ivory 

Coast where the trend differed (Figure 4.2.b). The maximum number of cases were recorded 

from the 2nd week of February to the 4th week of May in the SAH and from the week 4 of 

January to week 4 of April (corresponding to W13) in the GG region. 

In summary, the periods 2006–2009 and 2010–2020 show notable changes in meningitis 

patterns, both in terms of the weekly number of cases and the overall magnitude of the disease 

throughout the season. 
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Figure 4.2: Seasonal cycle of meningitis prevalence between January to June (weeks 1 to 26) 

between 2006 and 2020 in the two West African climate zones, Sahel (SAH) and Gulf of 

Guinea (GG), during pre- and post- MenAfriVac periods. 
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4. 1.3 Seasonal cycle of environmental parameters and mean cases in WAMB before and 

after the vaccination 

Figure 4.3 presents a cross-analysis of environmental variables and meningitis cases in the 

Sahel (SAH, left panel) and Gulf of Guinea (GG, right panel) regions. The results indicate that 

the onset of the meningitis season is preceded by high dust concentration events in January in 

both regions (Figure 4.3e & f), corresponding to an increase in temperature and a decrease in 

RH (Figure 4.3a- b). Remarkably, the increase in surface dust concentration until boreal spring 

seems to influence in  the duration and intensity of the meningitis season (Figure. 4.3e-f). Peak 

PM10 concentrations are observed in March, while AOD peaks in April. In the SAH, 

meningitis cases peak at week 12, typically preceded by a peak in PM10 at week 11 and 

coinciding with the AOD peak for the period 2006–2009, when RH begins to exceed 38%. In 

contrast, meningitis peaks occur earlier, around week 8, in the GG region and are associated 

with RH levels above 45%. 

A reversal in the surface wind direction (Figure 4.3c-d) together with increased RH (Figure 

4.3a-b) mark the end of the meningitis season. In the GG region, the meningitis season 

concludes earlier, around the 4th week of April, when PM10 concentrations have already 

decreased significantly. 

Notice that from 2010, the number of cases substantially decrease in SAH region because of 

vaccination (dashed brown line, Figure 4.3a). Nevertheless, there is still a seasonal cycle of the 

cases in which dry, and dusty environmental conditions enhance the meningitis along both 

study periods and wet, and reduced dust conditions reduce the disease. 
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Figure 4.3: Seasonal cycles of environmental variables (weeks 1 to 26) and mean meningitis 

cases (brown line) over the Sahel (SAH) and Gulf of Guinea (GG) zones from January to June, 

before and after the introduction of MenAfriVac. 
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4.2 Meteorological conditions and Saharan dust effect on meningitis inter-annual 

variability 

 

4.2.1 Inter-annual variability mode of environmental in SAH and GG before and after 

vaccination 

In this section, we explore the climatic patterns driving the emergence of meningitis outbreaks 

over the SAH and GG regions. To this end, the leading modes of inter-annual variability of 

environmental factors were computed before and after the introduction of vaccines (Figure 4.4). 

During 2006–2009, the dominant environmental mode, which accounts for 56%–79% of the 

total variability, is characterized by anomalous northeasterly winds (Figure 4.4c,f), lower 

relative humidity (RH) (Figure 4.4a), higher concentrations of PM10 and AOD (Figure. 4d-e), 

and elevated air temperatures (Figure 4.4b). Notably, air temperature and dust patterns exhibit a 

meridional gradient, with maximum positive values in the northeastern SAH region (Figure 

4.4b, d-e). This spatial configuration aligns with Saharan dust transport by Harmattan winds, 

inducing local warm and dry conditions. 

Interestingly, a similar mode of environmental variability persists after vaccination (Figure 

4.4g-l), although with a reduction in meridional wind intensity (Figure 4.4l), leading to less 

southward transport of Saharan dust between 2010 and 2020 (Figure 4.4J-k). 
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Figure 4.4.1: Regression between anomalous environmental variables and the leading mode 

(PC1) from the principal component analysis (PCA) of the corresponding variables from 

January to June  over the SAH for the period 2006–2009 (a–f, m). 
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Figure 4.4.2: Regression between anomalous environmental variables and the leading mode 

(PC1) from the principal component analysis (PCA) of the corresponding variables from 

January to June  over the SAH for the period 2010–2020 (g–l, n–p). 

 

 

 n) 

 o) 

 p) 



61 

 

Regarding temporal evolution, these climate variability modes appear to precede meningitis 

outbreaks in both study periods in the SAH (Figure 4.4m–p). Before vaccination programmes, 

only dust concentrations and zonal wind exhibited significant correlations with meningitis 

cases, while the association with air temperature was negligible (Table 4.1). However, during 

2010–2020, all environmental factors showed stronger and more significant correlations with 

meningitis cases (Table 4.1) emphasizing the precursor role of climatic factors in the 

emergence of the disease. 

Notably, the timing and intensity of meningitis outbreaks display considerable variability, with 

early outbreaks in 2011 and 2016 contrasting with delayed ones in 2015 and 2017 (Figure. 

4.4n). Interestingly, the most intense meningitis outbreaks coincide with persistent 

northeasterly winds and prolonged dusty conditions, as observed in 2012, 2015, and 2017, 

among other years (Figure. 4.4o–p).  

 

In summary, our findings demonstrate a strong and persistent influence of environmental 

factors on the timing and magnitude of meningitis outbreaks in the SAH region, even after the 

introduction of vaccines. 
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Table 4.1: Spearman correlation between the leading principal component (PC1) of each 

environmental variable and the normalized anomalous meningitis cases over the Sahel (SAH) 

for the periods 2006–2009 (pre-vaccine) and 2010–2020 (post-vaccine). Asterisks (*) indicate 

statistically significant correlations at the 95% confidence level.  

 

SAH 2006-2009 2010-2020 

PM10 & Men 0.28* 0.45* 

AOD & Men 0.38* 0.51* 

RH & Men 0.17 0.51* 

Temp & Men 0.10 0.28* 

Uw & Men 0.25* 0.43* 

Vw & Men 0.11 0.44* 
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In the GG region, the leading mode of variability, which accounts for 60%–88% of the total 

variance, is characterized by northeasterly winds weakening toward the equator. These winds 

tend to converge over the 6°N–8°N latitudinal band, where maximum dust concentrations are 

observed (Figure 4.5c–f, i–l). The GG region experiences low relative humidity and warm 

conditions, with maximum values recorded in the northernmost area (Figure 4.5a–b, g–h).  

This spatial configuration highlights the transport of substantial amounts of dust from the desert 

to the GG region, contributing to warm and dry local conditions. Despite these similarities, 

after vaccination, dust concentration anomalies were weaker and shifted northward (Figure 

4.5j–k), accompanied by an intensification of drier conditions (Figure 4.5g). 
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Figure 4.5.1: Regression maps showing the relationship between anomalous environmental 

variables and the leading principal components (PC1) of the corresponding inter-annual 

variability mode from January to June over the Gulf of Guinea (GG) for the period 2006–2009 

(a–f, m). 
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Figure 4.5.2: Regression maps showing the relationship between anomalous environmental 

variables and the leading principal components (PC1) of the corresponding inter-annual 

variability mode from January to June over the Gulf of Guinea (GG) for the period 2010–2020 

(g–l, n–p). 
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It is worth noting that these favorable climatic factors not only precede but also persist during 

disease outbreaks (Figure 4.5m–p). In fact, environmental interannual variability exhibits a 

pronounced and persistent impact on meningitis in the GG region, as reflected in the high and 

significant correlation scores observed both before and after vaccination (Table 4.2). Notably, 

the influence of air temperature on meningitis became significant only in the post-vaccination 

period (2010–2020). 

Similar to the SAH region, GG countries exhibit substantial variability in meningitis timing, 

with certain outbreaks occurring early in the dry season (e.g., 2011 and 2018), shorter episodes 

in late spring (e.g., 2015 and 2020), and prolonged meningitis outbreaks extending throughout 

the entire dry season (e.g., 2012, 2017, and 2019) (Figure. 4.5n). 

Our results demonstrate the key role of climatic variables in meningitis incidence across the 

whole West African Meningitis Belt, independent of the vaccination campaign. These findings 

open new opportunities for anticipating disease outbreaks. In this sense, the relative 

contribution of each environmental factor and the associated lead time are explored in the 

following section. 
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Table 4.2: Spearman correlation between the leading principal component (PC1) of each 

environmental variable and the normalized anomalous meningitis cases over the Sahel (SAH) 

for the periods 2006–2009 (pre-vaccine) and 2010–2020 (post-vaccine). Asterisks (*) indicate 

statistically significant correlations at the 95% confidence level 

GG 2006-2009 2010-2020 

PM10 & Men 0.46* 0.56* 

AOD & Men 0.49* 0.56* 

RH & Men 0.43* 0.67* 

Temp & Men 0.18 0.33* 

Uw & Men 0.35* 0.59* 

Vw & Men 0.35* 0.60* 
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4.2.2  Environmental precursors of meningitis in SAH and GG 

In the previous section, we provided evidence about the precursor role of environmental in 

meningitis outbreaks in both the SAH and GG regions. However, it is necessary to determine 

the lead times for each climatic predictor more precisely, as this information is crucial for 

integration into early warning systems. To this end, anomalies in meningitis cases were fixed in 

FMAMJ for GG and MAMJ for SAH, based on the disease peak identified in Figure (4.2). The 

environmental PC1s were then lagged from 0 to week 4 (GG) and from 0 to week 8 (SAH). 

These represent negative lags, as they evaluate environmental conditions preceding meningitis 

incidence. 

In SAH, during 2006–2009, significant positive correlations were found between surface 

winds, dust (AOD and PM10), and RH from lag -8 to lag -2, and from lag -8 to lag 0, 

respectively (solid lines, Figure. 4.6a). Notably, maximum correlation scores occur at lag -6, 

except for PM10, which peaks at lag -3, suggesting that climatic information up to six months 

in advance could help anticipate disease emergence. Notably, air temperature exhibits 

significant positive scores only at lag 0 (solid dark line), indicating its limited predictive role. 

During 2010–2020, zonal and meridional winds, along with RH, continue to show significant 

positive correlations with meningitis cases from lag -8 to lag 0 (dashed pink, purple, and green 

lines, Figure 4.6a). However, dust concentrations display shorter lead times, correlating with 

meningitis cases from lag -4 to lag 0 (dashed gray and orange lines, Figure 4.6a). 

Consequently, after vaccination, the strongest correlations (ranging from 0.5 to 0.8) for 

environmental precursors occur approximately two months before the meningitis peak (Figure 

4.6). No significant correlation is observed between air temperature and meningitis cases after 

vaccination (dashed dark line, Figure 4.6a). 
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In GG, before vaccination, significant correlations were observed for surface winds (lag -4 to 

lag -2), PM10 (lag -3 to lag -2), and RH (lag -4 to lag 0) (solid lines, Figure 4.6b). However, 

AOD and air temperature do not exhibit significant correlations with meningitis cases (gray 

line). The optimal lead time for early warning systems appears to be lag -3, based on the 

highest correlation scores. 

During the 2010–2020 period, similar to SAH, positive correlations between zonal wind, 

meridional wind, PM10, and RH persist from lag -1 to lag -4 (dashed pink, purple, and green 

lines). Maximum correlation scores occur at lag -2 (ranging from 0.5 to 0.7), suggesting that 

meningitis outbreaks could be predicted approximately two weeks in advance based on 

environmental information (Figure 4.6b). Regarding air temperature, significant correlations 

emerge at lag -1, suggesting its contribution to a favorable environment for meningitis 

outbreaks after vaccination (dashed dark line, Figure 4.6b). 

In summary, our results highlight climatic factors as fundamental drivers of meningitis 

outbreaks in SAH and GG. Moreover, environmental information from 2 to 6 weeks in advance 

could aid in anticipating meningitis outbreaks in these vulnerable regions.  
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Figure 4.6: Lagged correlations between the leading principal component (PC1) of each 

environmental variable and the normalized anomalous meningitis cases, with cases fixed at 

MAMJ and FMAMJ for the Sahel (SAH, left) and Gulf of Guinea (GG, right), respectively. 
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Summary  

The present study examines the incidence of meningitis and the influence of environmental 

factors across countries in the West African Meningitis Belt (WAMB) from 2006 to 2020. This 

region encompasses diverse climatic zones and has undergone several vaccination campaigns 

since 2010. The analysis integrates a robust statistical framework, including principal 

component analysis (PCA) and lead-lag correlation methods, to assess the relationship between 

environmental variables and meningitis outbreaks. This study provides critical insights into 

meningitis dynamics in West Africa, emphasizing the significant impact of vaccination on 

extending disease duration and delaying transmission. Additionally, it identifies dust events in 

January as key triggers for meningitis outbreaks in both the SAH and GG regions. However, in 

the SAH region, the persistence of high temperatures, low relative humidity (<20%), and 

intensified surface dust concentrations prolongs disease prevalence. 

Meanwhile, in the GG region, PM10, moderate relative humidity (<45%), and maximum 

temperatures though generally lower than in SAH are critical factors shaping the meningitis 

season. At the inter-annual scale, dominant climatic modes are linked to northeasterly winds 

transporting high dust concentrations over WAMB, creating a dry and warm environment that 

favors meningitis outbreaks. Notably, anomalous PM10, AOD, RH, and surface winds emerge 

as key drivers of meningitis incidence, with predictive lead times of 3–6 weeks. 

Our findings align with previous studies highlighting the role of environmental conditions in 

infectious respiratory diseases (Sultan et al., 2005; Martiny at Chiapello 2013; Yaber et al., 

2023; Dione et al 2022). However, our study provides additional insights: 

• A comprehensive climate-meningitis analysis across the entire WAMB region. Changes 

in the seasonal cycle and variability of environmental factors before and after 

vaccination. 
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• The robustness of the climate-meningitis relationship despite the presence of multiple 

vaccines against bacterial meningitis, predominantly caused by Neisseria meningitidis 

(Nm) and Streptococcus pneumoniae in the African meningitis belt.  

• More importantly, surface winds, dust concentrations, and relative humidity serve as 

key precursors of meningitis outbreaks. These climatic variables enable early 

anticipation of meningitis cases 2–3 weeks in advance for dust concentrations and 4–6 

weeks in advance for winds and relative humidity (Figure 4.6).  

Unlike previous studies, our results suggest a weak relationship between air temperature and 

meningitis emergence in SAH and GG (Ayalande et al., 2020; Yaber et al., 2023). Changes in 

surface winds and dust transport over WAMB may be linked to large-scale atmospheric 

patterns, influenced by local and remote climatic forces such as the El Niño-Southern 

Oscillation (ENSO) (Li et al., 2021), the Intertropical Convergence Zone (ITCZ), and the North 

Atlantic Oscillation (NAO) (Ridley et al., 2014; Le et al., 2022). These relations should be 

checked in future studies. 

 

4.3 Inter-annual Variability and Tele-connections of El Niño–Southern Oscillation and 

Saharan Dust in Relation to Meningitis over West Africa 

In this section, we examines the teleconnection between the interannual variability of global 

atmospheric Saharan dust and ENSO events using MERRA-2 atmospheric aerosol reanalysis 

data such as AOD-550nm and DUCMASS. 
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4.3.1 Interannual variability mode of AOD over West Africa during the dry season 

Figure 4.7 illustrates the EOF analysis of AOD conducted over West Africa (WA), considering 

the DJF (December–February), JFM (January–March), FMA (February–April) and MAM 

(March–May) seasons. The first and second EOF modes of AOD are represented in the left-

hand panel, and their associated PCs are represented in the right-hand panel (the first modes are 

represented in figures (4.7a, d, g and j); the second modes are represented in figures (4.7b, e, h 

and k). The variability in the distribution of AOD shows the permanent presence of dust across 

WA during the dry season. The main leading modes of variability appear during JFM and 

MAM in the GG and SAH, respectively, accounting for 70.8% and 70.5% of the total 

variability. However, it is known that surface dust concentration usually peaks during JFM in 

the GG, while the SAH dust event reaches its maximum amplitude during MAM. The 

standardised principal components associated with the leading EOF modes vary on an 

interannual timescale (Figure 4.7c, f, i, l). The year 1992 had more dust events in both seasons, 

while 2015 was identified as the dustiest year from 2006 to 2020. 

In summary, the JFM and MAM seasons exhibit the greatest AOD variability in the GG and 

SAH, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 



74 

 

 

Figure 4.7: Empirical orthogonal function (EOF) analysis of AOD in West Africa. Regression 

maps of the first (a,d,g,j), second modes (b,e,h,k) and associated Principal Components (c,f,i,l) 

for the four the seasons DJF, JFM, FMA and MAM during the period 1981–2020. 
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4.3.2 Relationship between AOD variability mode and meningitis incidence in SAH and 

GG zones 

The Spearman correlations between the PCs of AOD and the standardised anomalies of 

meningitis incidence, conducted in Tables (4.3 and 4.4), show the lag between the dust and 

disease seasons considered, respectively, at -1 and 0. A positive and significant relationship 

between dust and meningitis is illustrated in both phases (lag -1 and lag 0). However, across 

Table 4.3, only the leading principal component (PC1) shows an important relationship 

between these variables. For example, the previous dust event during the DJF season preceded 

the JFM meningitis season in the GG, showing a high correlation (r = 0.45) compared to the 

others. Meanwhile, the SAH meningitis season during the MAM season showed a strong and 

significant link (r = 0.53) with the AOD variability during the FMA season. Table 4.4, 

representing phase 0 of these correlations, shows that only SAH exhibited significant 

correlations with PCs 1 and 2 of AOD during FMA (r = 0.51 and r = 0.6, respectively), and 

with PC1 during MAM, exhibiting the highest correlation (r = 0.85).  

Figure 4.8 highlights the interannual variability of both parameters, such as the PCs of AOD, 

which show a significant correlation (see Tables 4.3 and 4.4), and the disease patterns in both 

areas. The identified and selected lead mode of AOD and the corresponding seasons show a 

significant correlation with disease at lags -1 and 0. This indicates that 2016 was a year of high 

meningitis incidence in the GG (Figure. 4.8a), coinciding with the dustiest year between 2006 

and 2020 in that area. 

Regarding disease patterns in SAH (Figure. 4.8b–d), three years with a notable meningitis 

incidence were identified. In 2007, there was less incidence, and the peak of the disease during 

the FMA season coincided with the peak of dust variability (PC2) and an increase through 
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PCs1 for the same season (Figure. 4.9b). This was followed by 2015, when the peak of the 

disease in MAM coincided with an increase in dust variability during the FMA season (Figure. 

4.8.b) and a peak in MAM (Figure. 4.8.d). The year 2009 represents the year with the highest 

incidence of meningitis over the SAH during the period 2006–2020, while AOD variability was 

less significant compared to the years 2007 and 2015. However, the dust patterns closely 

resemble the increase in incidence of the disease when the dust variability reaches around 1. 

In summary, the meningitis season appears to be led by AOD variability during winter in the 

GG and during both winter and spring in the SAH.               
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Table 4.3: One month lagged (lag-1) correlation between PCs of AOD index and meningitis 

incidence in the SAH (a) and the GG (b) using Spearman method. The PCs for the seasons 

DJF,  and FMA are respectively correlated with the disease during JFM and MAM in the GG 

and The SAH. The asterisks (*) indicate the statistically significant correlations at 95% 

confidence level. 

 

 

 

 

 

 

Table 4.4: Lagged (lag0) correlation between PCs of AOD index and meningitis incidence in 

the SAH (a) and the GG (b) using Spearman method. The PCs for the seasons FMA and MAM 

are respectively  correlated with the disease in the SAH during FMA and MAM. The asterisks 

(*) indicate the statistically significant correlations at 95% confidence level. 

 

 

                                                                                    

 

 

Lag -1 

a) SAH  b) GG 

corr  corr 

PCs1_DJF/MenJFM 0.018  0.65* 

PCs1_JFM/MenFMA 0.4  0.60* 

PCs1_FMA/MenMAM 0.47*  0.50 

 

Lag 0 

   a) SAH     b) GG 

         corr      corr 

PCs1_JFM/MenJFM 0.36  0.52* 

PCs1_FMA/MenFMA 0.50*  0.47 

PCs1_MAM/MenMAM 0.78*  -0.03 
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Figure 4.8: The lag correlation of the selected PCs of the AOD index (the grey line represents 

PCs1 and the blue line represents PCs2) with the standardised anomalies of the meningitis 

cases (b–d: the red line represents SAH and the dashed line represents GG) is shown. 
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4.3.3 Interactions between Saharan dust variability mode and global Climate variability 

In this section, the selected AOD PCs during the DJF and FMA seasons (PCs 1 and 2) and the 

MAM season over WA, which were significantly correlated with meningitis in the SAH and 

GG, were regressed with the anomalies of global SLP(Figure 4.9-4.11: b,e,h,k,n,q,t shaded) 

combine with the winds direction (Figure 4.9-4.11: b,e,h,k,n,q,t arrows), SST (Figs 4.9-4.11: 

a,d,g,j,m,p,s) and AOD (Figure 4.9-4.11: c,f,i,l,o,r,u). Six seasons in advance from lag 0 were 

taken into account. 

Figures 4.9–4.11 represent a lagged regression analysis conducted to reveal the sequence of 

teleconnected atmospheric processes that link tropical Pacific SST anomalies to dust variability 

over West Africa. 

Figure 4.9 shows the DJF season of PCs 1 of AOD fixed and the SST, SLT and wind 

components lagged from DJF to JJA. 

Figure 4.10 illustrates the seasonality of the PCs1 of AOD, with the SST, SLT and Winds 

components lagged from lag 0 (FMA), lag -1 (JFM), lag -2 (DJF), lag -3 (NDJ), lag -4 (OND), 

lag -5 (SON) and lag -6 (ASO). 

Figure 4.11 shows the seasonality of the PCs1 of AOD, with the SST, SLT and Winds 

components lagged from lag 0 (MAM), lag -1 (FMA), lag -2 (JFM), lag -3 (DJF), lag -4 (NDJ), 

lag -5 (OND) and lag -6 (SON).  

The results show that, in boreal winter and spring, the warming (El Niño) in the Pacific is 

evident in all Figure 4.9, Figure 4.10, and Figure 4.11 (from lag -2 to lag0: for panel m,p,s). 

This SST anomaly pattern evolves into a high-pressure system (Figure 4.9, Figure 4.10, and 

Figure 4.11; from lag -2 to lag0: for panel n,q,t) over northern Africa and the subtropical 

Atlantic, accompanied by intensified northeasterly wind anomalies over the Sahara and West 
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Africa. These wind patterns favour the southward transport of Saharan dust, leading to 

enhanced aerosol optical depth (AOD) concentrations over the Gulf of Guinea and the 

equatorial region (Figure 4.9, Figure 4.10, and Figure 4.11 from lag -2 to lag0: for panel o,r,u), 

and consequently to cooling of the sea surface temperature (SST) close to the north Atlantic 

equatorial region. This can be attributed to the ability of dust to scatter and absorb solar 

radiation, thereby reducing shortwave radiation in the equatorial North Atlantic SST. In 

response, the trade winds blowing over West Africa appear to be weak and dust-poor, and the 

reduced scattering and absorption of solar radiation by dust aerosols cools the ocean surface. 
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Figure 4.9: Regression maps of seasonal standardized anomalies of SST (a,d,g,j,m,p,s), SLP 

(b,e,h,k,n,q,t shaded) and wind at 10m (arrows), and global AOD (c,f,i,l,o,r,u), with the 

standardized first leading mode (PCs1) of averaged AOD over WA during the DJF for the 

period 1981 to 2019.  
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Figure 4.10:  Regression maps of seasonal standardized anomalies of SST (a,d,g,j,m,p,s), SLP 

(b,e,h,k,n,q,t shaded) and wind at 10m (arrows), and global AOD (c,f,i,l,o,r,u), with the 

standardized first leading mode (PCs1) of averaged AOD over WA during the FMA for the period 

1981 to 2019. 
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Figure 4.11: Regression maps of seasonal standardized anomalies of SST (a,d,g,j,m,p,s), SLP 

(b,e,h,k,n,q,t shaded) and wind at 10m (arrows), and global AOD (c,f,i,l,o,r,u), with the 

standardized first leading mode (PCs1) of averaged AOD over WA during the MAM for the 

period 1981 to 2019.                                                                                                                    
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4.3.4 Influence of global Climate variability in the Inter-linkage between Saharan AOD 

and meningitis incidence in the WAMB  

This paragraph addresses analogous regression maps to previous ones (Figure. 4.9–4.11), but 

using the time series of the disease in GG and SAH (considering the seasons that are 

significantly correlated with the PCs of AOD), the global SST, SLP, wind and AOD were 

investigated in order to compare the results with those in Figure (4.9–4.11) and to provide 

useful information about the interlinkage between AOD and disease. The lagged regression 

patterns relating to meningitis anomalies in the Sahel (MenSAH) for the FMA and MAM 

seasons, as well as in the Gulf of Guinea (GG) during the JFM season, are shown in Figures 

(4.12–4.14). 

Figure 4.12 shows the meningitis incidence anomalies over GG fixed in the JFM season and 

then regressed against the SST (a,d,g,j,m,p,s), SLP(b,e,h,k,n,q,t shaded) combine with the 

winds direction (b,e,h,k,n,q,t arrows), and AOD (c,f,i,l,o,r,u), with a 6-month lag time. Lag 0 

corresponds to JFM, lag -1 to DJF, lag -2 to NDJ, lag -3 to OND, lag -4 to SON, lag -5 to ASO, 

and lag -6 to JAS. Figures (4.13 and 4.14) illustrate the regression analysis of meningitis 

incidence in the Sahel. The latter, covering the February–May season, is highly related to 

Saharan dust events from the boreal winter, which persist throughout the spring season, 

including the peak (maximum dust concentration) over the Sahel (0.51/0.6 for PCs1/PCs2 of 

AOD during FMA and 0.85 during MAM). The FMA season for meningitis (Figure. 4.13) is 

fixed, while SST (a,d,g,j,m,p,s), SLP (b,e,h,k,n,q,t shaded) combine with the winds direction 

(b,e,h,k,n,q,t arrows), and AOD and the global AOD pattern (c,f,i,l,o,r,u), are lagged from lag 0 

(FMA), lag -1 (JFM), lag -2 (DJF), lag -3 (NDJ), lag -4 (OND), lag -5 (SON) and lag -6 (ASO). 

Similarly, MAM was fixed and atmospheric and ocean variables were lagged with MAM as lag 
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0 and with the other seasons as negative lags: FMA as lag -1, JFM as lag -2, DJF as lag -3, NDJ 

as lag -4, OND as lag -5 and SON as lag -6. 

In the case of the GG (Figure 4.12), warm SST anomalies (Figure 4.12a,d,g,j,m,p,s) over the 

equatorial Pacific, indicative of El Niño conditions, is associated with elevated aerosol 

concentrations and meningitis cases in the GG with a maximum in DJF (Figure 4.12r). This 

sequence begins with low sea-level pressure over the tropical Pacific, evolving into a high-

pressure anomaly over the Atlantic and North Africa. This is accompanied by intensified 

northeasterly winds that promote the mobilization and transport of Saharan dust towards the 

Gulf of Guinea and the Sahel. 

Conversely, in the FMA and MAM seasons, regression patterns linked to Sahelian meningitis 

incidence (see Figure 4.13 and 4.14) are associated with cool SST anomalies (Figure 4.13 & 

Figure 4.14 for panels a,d,g,j,m,p,s) in the equatorial Pacific indicative of La Niña conditions. 

This is associated with low pressure around the equator and over West African regions. 

Consequently, a weak variability in dust concentrations is observed in this region and at high 

altitudes. The conditions observed in figure 4.13, with FMA as the meningitis season in SAH, 

persist in MAM (Figure. 4.14). In both periods, cool SST anomalies over the equatorial Pacific, 

typically occurring several months prior, contribute to increased precipitation in southern 

Africa and drought in West Africa, indirectly increasing the occurrence of meningitis outbreaks 

over the Sahel.  
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Figure 4.12: Regression maps of seasonal standardized anomalies of SST (a,d,g,j,m,p,s), SLP 

(b,e,h,k,n,q,t shaded) and wind at 10m (arrows), and global AOD (c,f,i,l,o,r,u), with the 

standardized anomalies of the averaged incidence of meningitis over GG during JFM for the 

period 2006 to 2019. 
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Figure 4.13: Regression maps of seasonal standardized anomalies of SST (a,d,g,j,m,p,s), SLP 

(b,e,h,k,n,q,t shaded) and wind at 10m (arrows), and global AOD (c,f,i,l,o,r,u), with the 

standardized anomalies of the averaged incidence of meningitis over SAH during FMA for the 

period 2006 to 2019. 
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Figure 4.14: Regression maps of seasonal standardized anomalies of SST (a,d,g,j,m,p,s), SLP 

(b,e,h,k,n,q,t shaded) and wind at 10m (arrows), and global AOD (c,f,i,l,o,r,u), with the 

standardized anomalies of the averaged incidence of meningitis over SAH during MAM for the 

period 2006 to 2019. 
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To support the results of the regression analysis, which illustrate the mechanisms involved in the 

teleconnection between ENSO and global Saharan dust, we performed a composite analysis. This 

analysis highlights the spatial variability of Saharan dust during ENSO events, and will help us to 

predict the future occurrence of meningitis based on climate projections. 

 

4.3.5 Identification of ENSO events  

Figure 4.15a shows the annual cycle of the standard deviation of sea surface temperature (SST) 

in the Niño 3.4 region (5°N–5°S, 120°W–170°W). The peak of SST variability in this region 

occurs in December, with an approximate variability of 1.3°C. Based on this result, and given 

that ENSO events tend to peak during the winter season (DJF) , the Ocean Nino Index (ONI) 

was calculated using a three-month running mean of monthly SST averaged over the Nino3.4 

region. Indeed, SST anomalies greater than +1.3 standard deviations defined El Niño (EN) 

events and those lower than −1.3 standard deviations defined La Niña (LN) events during 

1980–2020 (see Figure. 4.15b). Five EN and LN events were identified as follows: (1982/1983, 

1991/1992, 1997/1998, 2009/2010 and 2015/2016) and (1988/1989, 1998/1999, 1999/2000, 

2007/2008 and 2010/2011), respectively (see Fig 4.14b). 
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Figure 4.15: Standard deviation and ENSO of the equatorial Pacific SST anomalies over the 

Niño 3.4 index region: (a) Standard deviation of the Niño 3.4 index over the Niño 3.4 region      

( 5°N–5°S, 120°W–170°W) in each month during 1980–2020; (b) Mean Niño 3.4 index in the 

preceding winter (December of the previous year to February of the current year). 
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4.3.6 Intra-seasonal climatology of dust  

To identify the seasons and regions with high dust concentrations during the dry season, 

including the meningitis season in the WAMB, we calculated the mean dust aerosol, such as 

AOD and DUCMASS, from December to February and MAM. Figures 4.16a–d show the 

global distribution of these dust aerosols during the boreal winter and spring seasons. They 

reveal high levels of dust aerosols in the GG during DJF and over the Saharan and sub-Saharan 

regions in MAM, with the highest concentrations in the Sahel zone. The Bodélé Depression is 

clearly shown to be not only a high-emitting source, but also a persistent emitting source 

throughout the dry season, with emissions being more intense from December to March. 

Figures (4.16c and 4.16d) show that the dust plume begins in late spring in North Africa and 

moves towards Asia and the Caribbean, with high values tending to concentrate in East Africa, 

Sub-Saharan Africa, the Arabian Peninsula and Central Asia. 
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Figure 4.16: Variability of global dust mean (a-c) AOD and (b-d) DUCMASS averaged for the 

years 1980–2020, during the DJF (a-b) and MAM (c-d) seasons. 
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4.3.7 Impact of strong ENSO on Saharan dust in the North African desert. 

This section addresses the composite analysis of global sea surface temperature (SST) (Figure. 

4.17a–d) and the Saharan dust index, such as the aerosol optical depth (AOD) (Figure. 4.18a & 

c) and the dust convective mass (DUCMASS) (Figure. 4.18b & d) anomalies, during the ENSO 

and La Niña events (five each during 1980–2020). AOD anomalies are predominant in winter 

and positive during the dry season. Figures (4.17a & 4.18a) show that during EN years over the 

equatorial Pacific, the entire WA region was dominated by above-normal dust in both indices, 

peaking in the GG and over the equatorial Atlantic during DJF (Figure 4.18a–b). Meanwhile, 

the maximum dust anomalies above normal in MAM appeared over the Saharan and Sahelian 

countries (Figure 4.18c–d), particularly in the Sahara Desert (up to 0.17 nm and 160 µg/m³). 

Additionally, during the event, a warm SST associated with a cool dipole in the subtropical 

Atlantic and around the equatorial Atlantic was observed over the West African coast. These 

conditions induce depressions in these latter two areas, where high dust concentrations are 

present. For the La Niña years (Figure 4.17b & d), the opposite was observed in terms of the 

SST pattern. While the dust distribution patterns over WA remain almost similar to those 

during EN events, a reduction in dust concentration is observed (Figure. 4.19a–d) compared to 

the pattern during EN events. MAM showed predominantly positive anomalies over the 

northern part of the Saharan region and the Sahelian band.  
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Figure 4.17:Composite of global sea surface temperature (SST) anomalies during El Niño–

Southern Oscillation (ENSO) events from 1980 to 2020. 
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Figure 4.18: Composite of dust (AOD and DUCMASS) in the region (20°W–15°E and 

4°N– 30°N) during El Niño events from 1980 to 2020. 
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Figure 4.19: Composite of dust (AOD and DUCMASS) in the region (20°W–15°E and 4°N–

30°N) during La Niña events from 1980 to 2020. 

 



97 

 

4.3.8 Influence of the ENSO event on wind and dust variability at regional scale:  SAH 

and GG 

Figures (4.20–4.23) show the relationship between equatorial Pacific SST anomalies and wind 

components that drive dust, including AOD and DUCMASS, during ENSO events between 

1980 and 2020, across the DJF and MAM seasons. These are the periods during which dust 

events were driven to the surface over WA by southward trade winds. In the SAH region 

during an La Niña event (Figure. 4.21), the DJF season (Figure. 4.21a, c, e, g) is shown to be 

the period during which SST significantly influences wind behavior, particularly with regard to 

the zonal component (Figure. 4.21a, R² = 0.82) and is associated with high DUCMASS 

concentration (R² = 0.51). In contrast, during the MAM season (Figure. 4.21b, d, f, h), the 

relationship was mostly supported by the zonal component (Figure. 4.21d, R² = 0.65), which is 

associated with low dust concentrations. During ENSO events (Figure. 4.20), the moderate 

interaction between equatorial Pacific SST and the zonal wind during the DJF season (Figure. 

4.20c, R² = 0.48) leads to a high concentration of AOD over the SAH region during the MAM 

season (Figure. 4.20f, R² = 0.64). 

 

Regarding, the Figure 4.23, during La Niña event, SST anomalies in the ENSO region seem to 

monitor wind fluctuations and dust concentrations over the GG region during the DJF season 

(Figure. 4.23a, c, e, g). Through significant interactions dominated by zonal winds (Figure. 

4.23a, R² = 0.68) and meridional winds (Figure. 4.23c, R² = 0.56), high dust concentrations, 

particularly DUCMASS (Figure. 4.23g, R² = 0.67), are observed. In the MAM season (Figure. 

4.23b, d, f, h), the zonal wind (Figure. 4.23b, R² = 49) remains the main driver of DUCMASS 
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concentration, albeit with a moderate decrease (Figure. 4.23h, R² = 0.36) compared to the DJF 

season. 

Similarly to the results obtained in the SAH during ENSO events (Figure. 4.22), a moderate 

interaction between the SST in the equatorial Pacific and the zonal wind during the DJF season 

(Figure. 4.22c, R² = 0.39) leads to a high concentration of AOD over the SAH during the MAM 

season (Figure. 4.22f, R² = 0.44). 
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Figure 4.20: Composite of the SST anomalies in the Nino3.4 region (5°N–5°S, 120°W–

170°W), the zonal wind (U10: a–b), the meridional wind (V10: c–d), and dust indices such as 

AOD (e–f) and DUCMASS (g–h), all averaged over the SAH region (12.22°W–16.04°E and 

4.27°N–25.02°N) across the DJF (a, c, e, g) and MAM (b, d, f, h) seasons during the Nino 

events. 
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Figure 4.21: Composite of the SST anomalies in the Nino3.4 region (5°N–5°S, 120°W–

170°W), zonal wind (U10: a–b), meridional wind (V10: c–d), and dust indices such as AOD 

(e–f) and DUCMASS (g–h), all of which are averaged over the SAH region (12.22°W–16.04°E 

and 4.27°N–25.02°N) across the DJF (a, c, e, g) and MAM (b, d, f, h) seasons during the Nina 

events. 
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Figure 4.22: Composite of the SST anomalies in the Nino3.4 region (5°N–5°S, 120°W– 

170°W), zonal wind (U10: a–b), meridional wind (V10: c–d), and dust indices such as AOD 

(e–f) and DUCMASS (g–h), all of which are averaged over the GG region (8.55oW – 3.88oE 

and 4.35oN – 12.40oN) across the DJF (a, c, e, g) and MAM (b, d, f, h) seasons during the Nino 

events . 
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Figure 4.23: Composite of the SST anomalies in the Nino3.4 region (5°N–5°S, 120°W–

170°W), zonal wind (U10: a–b), meridional wind (V10: c–d), and dust indices such as AOD 

(e–f) and DUCMASS (g-h), all of which are averaged over the GG region (8.55 oW - 3.88oE 

and 4.35oN – 12.40oN) across the DJF (a, c, e, g) and MAM (b, d, f, h) seasons during the Nina 

events. 
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4.3.9 Seasonal fluctuation of SST in the ENSO region, winds and Sharan dust over SAH 

and  GG 

Figure 4.24 illustrates the normalised anomalies of the SST in the Niño 3.4 region (5°N–5°S, 

120°W–170°W), zonal wind (zwind), meridional wind (mwind), aerosol optical depth (AOD) 

and dust mass concentration (DUCMASS) during El Niño (a–b) and La Niña (c–d) events 

across the SAH and GG.24b), averaged respectively over the regions 12.22°W–16.04°E, 

4.27°N–25.02°N, and 8.55°W–3.88°E, 4.35°N–12.40°N, during the winter (DJF) and spring 

(MAM) seasons. 

During El Niño years (Figure. 4.24a–b), SST anomalies are strongly positive across all seasons 

in both regions, reflecting the warm SST anomalies typical of ENSO events. Wind anomalies 

(zonal and meridional winds) during El Niño events in both regions in the DJF season are 

predominantly negative, suggesting strong Harmattan trade winds that increase dust 

mobilisation across the SAH regions towards the GG and around the equator. However, wind 

anomalies remain negative during MAM in both regions, while dust concentrations 

increase/decrease in the SAH and GG. 

In contrast, during La Niña years (Figure. 4.24c–d), SST anomalies are consistently negative 

across all seasons in both regions, reflecting the cool SST anomalies typical of ENSO events. 

DUCMASS dominates during La Niña events in the GG during DJF, while decreasing in MAM. 

The opposite is observed regarding AOD variability, which dominates during El Niño events in 

the SAH region, where patterns and concentrations also increase. 

Overall, the analysis reveals that El Niño years are associated with warmer SSTs and generally 

stronger Harmattan winds, which increase dust concentration to a maximum in winter over the 

GG, persisting over the SAH with a maximum in MAM. Conversely, La Niña conditions tend to 
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favour stronger winds and enhanced dust transport, particularly in spring, which is consistent 

with the known impacts of ENSO on the climate dynamics of West Africa. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



105 

 

 

 

Figure 4.24: This boxplot shows the distribution of anomalies in sea surface temperature 

(SST), zonal wind (zwind), meridional wind (mwind), aerosol optical depth (AOD) and dust 

xixmass concentration (DUCMASS) during El Niño (a and b) and La Niña (c and d) years, 

across the SAH and GG regions for winter (DJF) and spring (MAM). 
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Summary 

This study examined the intricate relationships between El Niño–Southern Oscillation (ENSO) 

anomalies, Saharan dust variability, and the incidence of bacterial meningitis in two regions of 

the African meningitis belt: the Sahel (SAH) and the Gulf of Guinea (GG). First, an EOF 

analysis was conducted to examine the variability of aerosol optical depth (AOD) during the 

dry season, taking into account the December–February (DJF), January–March (JFM), 

February–April (FMA) and March–May (MAM) seasons. JFM (70.8%) and MAM (70.5%) 

were identified as the main modes of variability. A Spearman correlation analysis then revealed 

that PC1 of AOD in DJF exhibited the strongest association with meningitis in GG (r = 0.45; p-

value = 0.08) compared to other seasons. Meanwhile, PCs1 and PCs2 during the FMA season 

revealed a stronger significant relationship with meningitis in the SAH region during the FMA 

and MAM seasons. However, PC1 in MAM showed the highest correlation with SAH 

meningitis (r = 0.85; p-value = 0.02). Lastly, regression map analysis showed that warm (cool) 

sea surface temperature (SST) in the equatorial Pacific, often associated with El Niño (La 

Niña), seems to be the main precursor for aerosol optical depth (AOD) activities over North 

Africa through deep convection across areas of low (high) pressure, intensifying/weakening the 

Hadley and Walker cells. In addition to regression maps results, the composite analysis reveals 

that El Niño years are associated with warmer SSTs and generally stronger Harmattan winds, 

which increase dust concentration to a maximum in winter over the GG, persisting over the 

SAH with a maximum in MAM. However, La Niña conditions tend to favour stronger winds 

and enhanced dust transport, particularly in spring, which is consistent with the known impacts 

of ENSO on the climate dynamics of West Africa. 
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A lagged regression was associated with meningitis anomalies in the SAH during FMA and 

MAM, and in the GG during the JFM season. In the GG (Figure 4.12; lagging by around two 

months from JFM to NDJ), warm SST anomalies in the equatorial Pacific, indicative of El 

Niño conditions, precede elevated aerosol concentrations and meningitis cases in the GG. This 

sequence begins with low sea-level pressure over the tropical Pacific, evolving into a high-

pressure anomaly over North Africa. This is accompanied by intensified northeasterly winds 

that promote the mobilization and transport of Saharan dust towards the Gulf of Guinea and the 

Sahel. Conversely, in the FMA and MAM seasons, regression patterns linked to Sahelian 

meningitis incidence (see Figure 4.13 and 4.14) are associated with cool SST anomalies in the 

equatorial Pacific indicative of La Niña conditions (see Figure 4.13: from lag 0 to lag -3 [FMA-

NDJ] and Figure 4.14: from lag 0 to lag -4 [MAM-NDJ]). This is associated with low pressure 

around the equator and over West African coastal regions. Consequently, stronger variability in 

dust concentrations is observed in this region and at high altitudes. This suggests a strong 

environmental linkage between ENSO, climate, dust variability and meningitis outbreaks and 

incidence in WA by identifying early climatic signals likely to precede dust episodes and 

meningitis outbreaks. This information is essential for developing early warning systems and 

implementing targeted prevention strategies. 

 

4.4 Application of AI models  

4.4.1 Inter-annual and Seasonal cycle of meningitis 

Figure 4.25 illustrates the variability of meningitis incidence in the Sahelian countries of 

Burkina Faso, Mali, Niger and Nigeria. The left panel (Figure. 4.25a) shows the patterns from 
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2006 to 2020, and the right panel (Figure. 4.25b) shows the seasonal cycle of the disease based 

on weekly data from January to June. Each country is represented by a different colour. 

Regarding inter-annual variability (Figure. 4.25a), reported meningitis cases from 2006 to 2020 

show a declining trend beginning in 2010, which coincided with the introduction of the 

MenAfriVac vaccine. Nigeria recorded the highest incidence, with over 40,000 cumulative 

cases in 2009, followed by Burkina Faso with 25,000 cumulative cases in 2007. Mali exhibited 

relatively regular periodicity in disease occurrence, whereas Niger reported over 7,500 cases in 

both 2009 and 2015. After 2010, a clear shift in the disease pattern emerges, with a significant 

reduction in reported cases attributed to vaccination efforts. 

At the seasonal scale (Figure. 4.25b), Niger and Nigeria display a delayed disease onset, 

starting in the second week of February, whereas in Mali and Burkina Faso, the onset occurs 

before January. The highest disease burden was observed between March and April, with most 

cases recorded between the second and fourth weeks of February and May. Compared to the 

other countries, Mali shows a longer meningitis season. Epidemic peaks were recorded in 

weeks 4 and 5 of March, weeks 1 and 3 of April, and week 3 of May in Niger, indicating a 

prolonged and intensified outbreak in that country. 

In summary, the temporal dynamics of meningitis in these countries show notable changes 

before and after 2010 in terms of both annual trends and seasonal timing, with the overall 

burden decreasing significantly in the post-vaccination era. 
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Figure 4.25: Variability in meningitis incidence across Sahelian countries: Burkina Faso, Mali, 

Niger and Nigeria. 
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4.4.2 Environmental precursors of meningitis 

Due to the complexity of the relationships between environmental variables and meningitis 

prevalence, a Spearman correlation analysis was conducted to evaluate the associations among 

the explanatory variables, as well as between these variables and meningitis incidence (the 

dependent variable). The results indicate that zonal wind is highly correlated with both 

meridional wind and relative humidity (RH) across all countries. This justifies the use of 

regularization models to address multicollinearity issues. 

In Burkina Faso (Figure. 4.26a), all environmental variables, including temperature, RH and 

aerosols (AOD and PM10), which are influenced by the Harmattan trade winds, were 

significantly correlated with meningitis incidence. Temperature also showed a weak but notable 

correlation with the disease in Mali (Figure. 4.26d). In Niger (Figure. 4.26c), all environmental 

variables except temperature exhibited a significant relationship with meningitis incidence. In 

Nigeria and Mali (Figure. 4.26b & d), the correlation between the disease and the zonal wind 

was relatively weak. 

In conclusion, the Spearman correlation results suggest that the climatic drivers of meningitis 

vary by country. This indicates that country-specific environmental conditions play a key role 

in influencing the occurrence and prevalence of the disease. 
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Figure 4.26: Spearman's rank correlation coefficients between the normalised anomalies of 

environmental variables and meningitis cases in Burkina Faso (a), Nigeria (b), Niger (c) and 

Mali (d). A star (*) indicates statistical significance at the 95% confidence level based on a t-

test. 
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4.4.3 Relationships between Observed and predicted meningitis  

Regarding Burkina Faso (Figure. 4.27a), CatBoost, Random Forest and linear regression show 

that the observed and predicted patterns are closely similar in terms of timing and magnitude. 

In Nigeria (Figure. 4.27b), ensemble models, particularly XGBoost and CatBoost, performed 

better than the other models, but failed to reproduce the amplitude of the outbreaks. 

Regularisation models, however, are very weak at representing disease patterns in Nigeria and 

Niger (Figure. 4.28.c), where ensemble models perform better, particularly Random Forest, 

Gradient Boosting and CatBoost, especially with regard to timing and intensity. Unlike in other 

countries, the regularisation model and Random Forest capture general trends, but tend to lag 

behind and underestimate outbreak intensity in Mali (Figure. 4.28.d). 

 

Overall, linear models fail to capture the rapid transitions in Niger and Nigeria, highlighting the 

non-linearity of the relationship between meningitis and environmental variables. In Mali, 

however, this relationship appears to be linear in terms of outbreak dynamics. 
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Figure 4.27: Comparison between the recorded and predicted meningitis prevalence in Burkina 

Faso (a) and Nigeria (b). 
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Figure 4.28: Comparison between the recorded and predicted meningitis prevalence in Niger 

(c) and Mali (d). 
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4.4.4 Performance of Machine Learning models 

Figures (4.29, 4.30) show that the performance of the three types of models used in this study 

such as Regularization models, Ensemble learning models and deep learning (Long Short-Term 

Memory Networks; LSTMs) varies by country. The XGBoost model is shown to be the best in 

Nigeria (Figure. 4.29b), with an R² value of 0.638, while the CatBoost model is the best in 

Burkina Faso (Figure. 4.29a), with an R² value of 0.619. Figures (4.30c & 4.30d) and d 

illustrate that the Random Forest model performs better than the others in Niger and Mali, with 

R² values of 0.505 and 0.367 respectively. Furthermore, Mali shows the weakest performance 

of all the countries and models. Furthermore, ensemble learning models, except Random 

Forest, perform worse than regularization models in Mali. 

It should be noted that machine learning models, particularly ensemble tree-based methods and 

regularized linear models, demonstrate strong predictive capability for meningitis incidence in 

certain regions, where model performance varies substantially across countries. This is likely 

due to differences in data quality, reporting practices and underlying epidemiological and 

environmental factors. 
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Figure 4.29: The potential of ML models evaluated and compared in terms of prediction and 

performance in Burkina (a) and Nigeria (b). 
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Figure 4.30: The potential of ML models evaluated and compared in terms of prediction and 

performance in Niger (c) and Mali (d). 
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4.4.5   Distributions of observed and predicted meningitis incidences 

Figure 4.31 illustrates the comparison between the number of observed and predicted log-

transformed weekly meningitis cases for each country and model. 

In Burkina Faso (red), CatBoost closely replicated the median and distribution of observed 

cases, showing strong alignment with the interquartile range. Similarly, XGBoost captured the 

observed spread well in Nigeria (olive colour), though with slightly lower central tendency. In 

Niger (orange), Gradient Boosting followed the overall pattern, but tended to underestimate 

median values slightly. Random Forest showed the weakest alignment in Mali (blue), with both 

median and mean predictions falling below observed values and limited capture of peak 

extremes. 

Overall, the top-performing tree-based ensemble models successfully mirrored temporal 

distributions, demonstrating their effectiveness in modeling complex nonlinear relationships. 

However, slight underestimations during outbreak peaks, particularly in Mali and Niger, 

highlight the ongoing challenge of modeling extreme events. 
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Figure 4.31: The boxplots of the observed and predicted meningitis incidence in (a) Burkina 

Faso, (b) Nigeria, (c) Niger and (d) Mali. 
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4.4.6 Model Shapley Additive exPlanations (SHAP) Value Interpretability Analysis 

Figure 4.32 illustrates the influence of vaccination status and environmental variables on model 

performance. It shows that, in all regions, vaccination is the most effective predictor of reduced 

meningitis risk, particularly at two- and four-week moving averages. Meanwhile, 

environmental variables with lags of 2 and 4 weeks are shown to contribute significantly to 

model predictions. 

Vaccination has a negative impact on the model output, meaning higher vaccination coverage is 

associated with lower predicted case numbers. Nigeria and Niger (Figure. 4.32b & c) show 

negative values for relative humidity (RH). This suggests that drier conditions during the 

Harmattan season facilitate increased disease transmission. Zonal winds bringing PM10 and 

AOD were associated with elevated values in most models, particularly in Mali (Figure. 4.32d), 

Burkina Faso (Figure. 4.32a) and Nigeria. These winds were positively associated with 

meningitis incidence with a lag of four weeks. This further emphasizes the significant impact of 

particulate matter on the seasonal cycle of meningitis. Temperature showed a more nuanced 

effect. 

In summary, these findings highlight that: 

- A vaccination campaign against meningitis, in order to reduce the disease burden across the 

African meningitis belt, is effectively supported by this result. 

Strong winds support the formation of aerosols, which, at high concentrations, can carry 

pathogens or increase community susceptibility by damaging the respiratory tract and 

exacerbating mucosal irritation, thereby making communities more susceptible to bacterial 

meningitis. 
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Figure 4.32: The summary plots of the high-ranked SHAP (Shapley) of feature importance for 

each variable in: (a) Burkina Faso, (b) Nigeria, (c) Niger, (d) Mali. 
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Summary 

This study shows that tree-based ensemble models provide reliable baseline predictions of 

meningitis incidence, especially in Niger and Nigeria, whereas regularization models tend to 

underestimate variability, except in Mali and Burkina Faso. The performance of the LSTM 

model was weak across all countries. However, models do not capture extreme values and 

outbreak peaks well, indicating a limitation in forecasting severe epidemic events. 

SHAP analysis enabled us to interpret the influence of environmental variables; model 

performance varied by country, likely reflecting differences in climatic signal strength, data 

quality and reporting systems. 

Despite these differences, the performance gap between boosting algorithms was often small. 

The same remark applies to regularization models as well. While promising, the LSTM model 

requires further hyperparameter optimization to enhance its sensitivity to outbreak patterns. 

Nevertheless, the models presented here could form the basis of early warning systems in 

regions prone to meningitis, helping to anticipate seasonal outbreaks and allocate resources 

proactively. Models that integrate environmental and health data could particularly support 

targeted vaccination campaigns, risk communication and preparedness planning in high-burden 

areas such as countries in the African meningitis belt. Therefore, predictive models can be 

transformed into operational decision-support tools for climate-informed health systems in 

West Africa. 

 

4.5  Discussion of Results 

This study provides a comprehensive assessment of the relationship between climate and 

meningitis in West Africa by exploring the interactions between ENSO variability, Saharan 

dust dynamics and bacterial meningitis incidence in two climatically distinct regions: the Sahel 
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(SAH),  a vast and highly vulnerable semi-arid region and the Gulf of Guinea (GG) which is a 

humid tropical savanna zone. In addition to the difference in climate conditions, these regions 

has undergone several vaccination campaigns since 2010. Based on that, we first examine the 

influence of regional environmental condition on meningitis prevalence in both areas at 

seasonal and interannual scale and weekly time step considering the period 2006-2020. Results 

show that, between 2006–2009 and 2010–2020 notable changes in meningitis patterns, both in 

terms of weekly case numbers and the overall magnitude of the disease from onset to ending. 

Dust episodes in January are identified as triggers for the meningitis season, a finding 

consistent with Martiny & Chiapello (2013) and Sultan et al. (2005), who demonstrated that 

dust plays a key role in the onset of meningitis. High temperatures and low relative humidity, 

along with peak dust levels in March, are closely associated with epidemic progression. During 

the post-vaccination period, meningitis peaks occur in March and April, aligning with 

Deroubaix et al. (21). In the SAH region, the persistence of high temperatures, low relative 

humidity (<20%), and intensified surface dust concentrations prolongs disease prevalence. 

Meanwhile, in the GG region, PM10, moderate relative humidity (<45%), and maximum 

temperatures though generally lower than in SAH are critical factors shaping the meningitis 

season. The inter-annual variability of environmental variables reveals a dominant mode 

characterized by northeasterly winds transporting high dust concentrations to the SAH and GG 

regions, where dry and warm conditions prevail. This mode persists before and after the 

vaccination period, suggesting a strong link between climatic conditions and meningitis 

outbreaks. 

In summary, surface winds, dust concentrations, and relative humidity serve as key precursors 

of meningitis outbreaks. Therefore, in this context of climate change, through a large-scale 
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atmospheric circulation influenced by local and remote climatic forces such as ENSO, ITCZ 

and NAO, changes in surface winds will directly impact dust activities (emission, transport and 

deposit) and consequently influence meningitis occurrence in the WAMB. 

 

Based on this possible conditions, this study aimed to investigate the mechanisms linking El 

Niño–Southern Oscillation (ENSO) anomalies and modes of variability in Saharan dust during 

dry periods associated with bacterial meningitis in the SAH and GG regions. Countries in the 

African meningitis belt have different calendars for bacterial meningitis (onset, offset and 

intensity) and significant differences in atmospheric conditions, which are induced by 

atmospheric and oceanic teleconnections through various climate indices particularly the 

effects of ENSO. Atmospheric and oceanic observation and reanalysis datasets, as well as 

meningitis data, were analysed using statistical methods to improve preparedness for and 

prevention of infectious diseases, particularly bacterial meningitis, which is highly correlated 

with Saharan dust. 

Typically, two dust seasons (winter and spring) are observed during the dry season in West 

Africa. Consequently, this study considered the DJF, JFM, FMA and MAM seasons, including 

the meningitis seasons, in both the SAH and GG regions, to investigate the impact of ENSO 

events on Saharan dust variability and its influence on bacterial meningitis. 

The results reveal that the period of maximum AOD variability in the GG coincides with the 

meningitis incidence peak in that area during the winter months (December–March) (see 

Figures 4.7d and 4.8a). Meanwhile, in the SAH, dust concentration variability increases from 

winter to spring (MAM), peaking in March and April (see Figure. 4.7j and 4.8d). Interestingly, 

the meningitis season in the SAH also exhibits similar variability. These results are consistent 
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with those of previous studies (Sultan et al., 2005; Yaka et al., 2008; Martiny & Chiapello, 

2013; Diouf et al., 2025), which identified dry, dusty, windy conditions as conducive to 

meningitis epidemics in the African meningitis belt. For instance, warm (cool) sea surface 

temperatures (SSTs) in the equatorial Pacific, often associated with El Niño (La Niña), appear 

to be the primary precursor of AOD activities in North Africa, particularly in the Sahara Desert. 

This occurs through deep convection across areas of low (high) pressure, which 

intensifies/weakens the Hadley and Walker cells. These findings are consistent with those of 

Zhang et al. (2023), who demonstrated that the phase shift in the North Atlantic Oscillation 

during the late winter ENSO period is primarily caused by the development of the ENSO-

associated North Tropical Atlantic (TNA) SST anomaly through enhanced convection in the 

subtropical Atlantic. SST anomalies (Figure. 4.10: lag-1 and Figure. 4.11: lag-2) show that 

warming SST in the tropical north Atlantic from January to March (JFM) coincides with 

cooling SST around the equator and high dust variability over the sub-Saharan region. These 

results corroborate those of Vallès et al. (2025), who demonstrated that significant SST 

warming occurs in the TNA adjacent to West Africa, peaking off the coast of Senegal during 

JFM and spreading southwestward in MAM. This warming occurs alongside equatorial cooling 

and anomalous southerly winds over the eastern TNA. Furthermore, an El Niño event is 

associated with a reduction in sea level pressure (SLP) over the tropical Pacific and a 

reorganization of the global atmospheric circulation. This enhances the northeasterly winds 

across West Africa (WA) and promotes the southward movement of dust-laden air masses 

towards the Gulf of Guinea. Additionally, converging winds typically incorporate processes 

such as dry deep convection, favoring dust emission by enhancing near-surface turbulence. The 

lagged regression patterns associated with meningitis anomalies in the SAH during the FMA 
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and MAM seasons and in the GG during the JFM season exhibit striking similarities to the 

AOD-PC1 regression results. This suggests a strong environmental link between climate 

variability, dust transport, and meningitis outbreaks. 

The composite analysis results are consistence with those obtained through a regression map 

analysis. It is shows that during El Niño years, both aerosol optical depth (AOD) and dust 

convective mass (DUCMASS) anomalies show elevated dust concentrations, especially in the 

GG region during DJF and in the Saharan and Sahelian regions during MAM, coinciding with 

warm SST anomalies and atmospheric depressions over the Atlantic. Conversely, La Niña 

events produce opposite SST patterns and are associated with reduced dust levels, although the 

spatial dust distribution remains similar. Wind components particularly the zonal wind 

demonstrate strong correlations with SST anomalies, especially during DJF (e.g., R² = 0.82 for 

zonal wind in SAH during La Niña), influencing dust concentrations across both DJF and 

MAM seasons. These interactions are most pronounced in DJF, where SST-driven changes in 

wind dynamics lead to elevated DUCMASS and AOD levels, especially in the SAH and GG 

regions. 

These results highlight the significant role of the El Niño–Southern Oscillation (ENSO) 

phenomenon in modulating dust activity and meningitis incidence in areas such as the SAH and 

GG by enhancing our understanding of the climate drivers of dust variability and the associated 

mechanisms. Overall, this study reinforces the concept that ENSO plays a predictive role in 

dust climatology over West Africa and could potentially provide a framework for early warning 

systems. 

 



127 

 

This study emphasises the significant impact of local climatic conditions and large-scale 

phenomena, such as El Niño, on bacterial meningitis (BM) patterns. It reveals how Saharan 

dust events can trigger epidemics and emphasises the complexity of meningitis dynamics, 

which are influenced by interrelated climatic, environmental and socio-demographic factors 

operating at different spatio-temporal scales. The challenge of predicting meningitis outbreaks 

can only be addressed by integrating multi-source spatialized data, including satellite and 

model outputs. Traditional statistical models, limited by linear assumptions, are unable to 

capture these nonlinear interactions. Therefore, the study advocates using advanced methods 

such as artificial intelligence (AI) to develop more robust and accurate risk assessment models 

that can forecast the timing, scale and potential pathogens of future outbreaks. 

 

For that, various machine learning models performance were evaluated in predicting weekly 

cases of meningitis across Burkina Faso, Nigeria, Niger and Mali. The results obtained 

demonstrate variations in model performance. Ensemble models (Random Forest, XGBoost, 

AdaBoost and Gradient Boosting) demonstrated greater robustness in all countries except Mali. 

Advanced Boosting algorithms such as CatBoost and XGBoost demonstrated superior 

performance (R² > 0.6) due to their ability to exploit complex interactions between meningitis, 

environmental variables, and vaccination status. Random Forest models (R² > 0.5 and R² > 0.3) 

and regularization models such as Lasso, Ridge Regression and ElasticNet performed well in 

Burkina Faso and Mali. However, regularization models performed better in Burkina Faso (R² 

> 0.5) than in Mali (R² < 0.33). 

These results are consistent with those of many previous studies that have explored the impact 

of climate on infectious diseases using artificial intelligence (AI) and machine learning (ML) 
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approaches. For instance, Wang et al. (2017) conducted a study in Inner Mongolia, China, in 

which they used an artificial neural network (ANN) model to identify the main environmental 

drivers of human brucellosis (HB) and predict epidemics of the disease. They found that the 

enhanced vegetation index was the most influential predictor of HB incidence, followed by 

land surface temperature and other climate-related variables such as temperature and 

precipitation. The model's predictions closely matched the reported cases during the learning 

and validation phases. Farooq et al. (2022) used the XGBoost classifier and explainable AI 

(XAI) methods to assess the factors behind West Nile virus epidemics in Europe. They found 

that climatic trends from the previous year, combined with climatic variables from the 

beginning of the year, accurately predict the transmission season. Similar AI approaches have 

been used to optimise intervention strategies for malaria (Agrebi et al., 2020; Wilder et al., 

2018). Furthermore, in response to the urgent need for predictive tools to forecast Ebola 

epidemic patterns, researchers such as Colubri et al. (2016) and Agrebi et al. (2020) have 

employed various models, including artificial neural networks (ANNs), logistic regression, 

decision trees, and support vector machines (SVMs), to predict epidemic patterns. 

Our results highlight the value of AI/ML models in capturing the complex relationships 

between climatic variables and infectious disease dynamics.  
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CHAPTER FIVE 

5. CONCLUSION AND RECOMMENDATIONS 

5.1 Summary 

This study investigated the complex interactions between large-scale climate variability, 

Saharan dust dynamics, and bacterial meningitis incidence in West Africa, focusing on two 

climatically distinct regions the Sahel (SAH) and the Gulf of Guinea (GG). The seasonal and 

interannual influences of meteorological conditions and particulate matter (PM10, AOD) on 

meningitis outbreaks were assessed using observational and reanalysis data from 2006–2020. 

The research showed that January dust events are critical triggers for meningitis onset in both 

regions. However, persistence and intensity differ by region: in the SAH, extreme dryness (RH 

< 20%) and high dust concentrations drive longer outbreak durations, while in the GG, PM10 

levels, moderate RH (< 45%), and relatively high temperatures shape the season. 

Empirical Orthogonal Function (EOF) and regression analyses revealed that ENSO-related sea 

surface temperature (SST) anomalies modulate atmospheric circulation patterns, influencing 

dust variability across West Africa. In particular, warm SSTs in the equatorial Pacific (El Niño) 

intensify dust transport via weakened Hadley and Walker cells, correlating with increased 

meningitis incidence with lead times of 3–6 weeks. In addition, during El Niño years, both 

aerosol optical depth (AOD) and dust convective mass (DUCMASS) anomalies show elevated 

dust concentrations, especially in the GG region during DJF and in the Saharan and Sahelian 

regions during MAM, coinciding with warm SST anomalies and atmospheric depressions over 

the Atlantic. Conversely, La Niña events produce opposite SST patterns and are associated with 

reduced dust levels, although the spatial dust distribution remains similar. 
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In parallel, tree-based machine learning models (XGBoost, CatBoost, Gradient Boosting) were 

developed to predict meningitis incidence. These models performed well, particularly in 

Nigeria and Burkina Faso, and identified vaccination status, humidity, and meridional winds as 

the most influential predictors. However, all models struggled to capture extreme outbreak 

peaks, especially in Mali and Niger. 

 

5.2 Conclusion 

This study provides a robust, multidisciplinary exploration of the environmental drivers of 

meningitis outbreaks in West Africa. It integrates climate diagnostics, dust dynamics and 

advanced machine learning techniques, and considers pre- and post-vaccination periods (2006–

2009 and 2010–2020). The results reveal clear temporal and spatial shifts in meningitis patterns 

that are closely linked to regional atmospheric thresholds, particularly low relative humidity 

and elevated dust concentrations (PM10 and AOD). More severe outbreaks occur under drier 

and dustier conditions in the Sahel (RH <20%) and under moderately humid conditions in the 

Guinea Gulf (RH <45%). Seasonal analyses reveal peak disease incidence during JFM in the 

Guinea Gulf (GG) and during MAM in the Sahel (SAH), which aligns with periods of 

heightened AOD variability. Significantly, the study identifies substantial teleconnections 

between global sea surface temperature (SST) anomalies, particularly those associated with El 

Niño–Southern Oscillation (ENSO) and Atlantic warming, and dust transport over North 

Africa. These climatic signals influence the timing and intensity of dust intrusions that coincide 

with increased meningitis risk by modulating zonal and meridional winds. Moreover, 

composite analyses reveal that El Niño events intensify dust concentrations across West Africa 

through altered sea surface temperature (SST)-wind interactions, whereas La Niña events 
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produce weaker yet more consistent dust patterns. Machine learning models (XGBoost, 

CatBoost, Random Forest and Gradient Boosting) demonstrated strong predictive capabilities; 

XGBoost and CatBoost performed best in Nigeria and Burkina Faso, respectively. Key 

predictors across all models include vaccination status, relative humidity (RH) and wind 

components, though challenges remain in capturing outbreak extremes. Overall, this study 

provides valuable insights into the relationship between climate, dust and health, and highlights 

the importance of integrating climate indicators with epidemiological data to improve early 

warning systems and support public health adaptation. This will help to achieve the WHO's 

goal of eliminating meningitis by 2030. 

 

5.3   Recommendations 

1. Integrate ENSO monitoring into national and regional health surveillance systems to 

improve the anticipation of meningitis risk based on climate forecasts. 

2. Operationalize machine learning models as part of decision-support tools for public 

health planning, particularly in high-risk countries within the African meningitis belt. 

3. Strengthen intersectoral collaboration among meteorological services, health ministries, 

and data scientists to co-develop early warning systems. 

4. Enhance data infrastructure through improved environmental and health data collection 

and sharing at finer temporal and spatial scales. 

5. Focus vaccination campaigns and preparedness efforts based on climate-informed 

forecasts and model outputs to protect vulnerable populations more efficiently. 

 



132 

 

5.4   Contribution to Knowledge 

Overall, this study makes a significant contribution to climate-health research by shedding light 

on the environmental triggers of meningitis outbreaks and providing a predictive framework to 

inform early warning systems and targeted public health interventions. Demonstrating a clear 

teleconnection between ENSO and dust activities shows how global climate patterns impact 

regional disease risk through changes in atmospheric circulation. Meanwhile, integrating 

climate indicators and vaccination status using a machine learning approach represents a 

valuable step towards improving disease surveillance and enhancing climate resilience in 

vulnerable regions. Applying the findings of this study to decision-making processes, medical 

systems and populations provides a powerful toolset for improving epidemic preparedness and 

supporting the WHO’s “Defeating Meningitis by 2030” goals. This multi-method, 

interdisciplinary approach deepens our understanding of climate–health interactions 

significantly and offers a predictive framework for early warning systems that can be adapted 

to regional characteristics. 

 

5.5   Suggestions for Further Studies 

1. Investigate the combined influence of additional climate modes, such as the North Atlantic 

Oscillation (NAO) and the Madden–Julian Oscillation (MJO), on dust transport and meningitis 

dynamics. 

    2. Expand the model's input to include socio-economic and demographic variables such as 

population density, mobility and access to healthcare. 

    3. Explore hybrid modelling approaches that combine physical modelling with deep learning 

(e.g. optimised LSTM models) to improve the detection of outbreak extremes. 
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    4. Improve the spatial resolution and local calibration of models to support region-specific 

public health responses. 

    5. Develop user-friendly interfaces for the operational deployment of machine learning 

models in health agencies and decision-making contexts. 
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