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(i) Summary (English) 

Schistosomiasis poses a significant public health threat in 

Sub-Saharan Africa, particularly affecting impoverished 

rural communities. This disease is predominantly caused by 

S. mansoni and S. haematobium parasites, transmitted by 

freshwater snails of the Biomphalaria and Bulinus species. 

East Africa, characterized by densely populated rural areas, 

bears the highest disease burden within the region, with 

specific hotspots identified in Uganda, Kenya, and 

Tanzania. Various factors, including climatic variability, 

geographical features, environmental/habitat suitability, 

biodiversity, and anthropogenic influences, influence the 

distribution patterns of intermediate host (IH) snails and 

schistosomiasis transmission across different geographic 

scales. The new WHO roadmap emphasizes a One Health 

approach, recommending targeted snail control and 

alternative methods. However, limited knowledge exists 

about the determinants of community structure of the two 

genera and their role in schistosomiasis transmission, 

prevalence, and distribution under various scenarios, such 

as climatic variability in East Africa. This study reveals 

significant extrinsic parameters influencing the distribution 

of IH snails at both local (Western Uganda) and regional 

(East Africa) geographical scales, using Random forest, a 

machine learning technique. On a smaller scale, geography, 

diversity of the associated mollusk fauna, and climate 

emerged as important predictors for the presence of 

Biomphalaria, whereas mollusk diversity, water chemistry, 

and geography primarily controlled the occurrence of 

Bulinus. Mollusk diversity and geography were found to be 

relevant for the presence of both genera combined. On a 

regional scale, the results indicated geography and climate 

as primary factors for Biomphalaria, while Bulinus 

occurrence was additionally influenced by soil clay content 

and nitrogen concentration.  These parameters signify the 

processes involved in meta-community assembly, 

encompassing factors like dispersal limitation, 

environmental filtering, and biotic interactions that 

influence the establishment of genera. Furthermore, 

mathematical models were formulated to quantify the 

dynamics of schistosomiasis transmission, focusing on the 

role of IH and all stakeholders in transmission and 

management (climate variability and control strategies). 

Within East Africa, this study revealed varied incidence 

rates among countries based on temperature and rainfall 

patterns, characterized by seasonal schistosomiasis 

emergencies and re-emergences. Conditions with 

temperatures between 20-27°C and precipitation ranging 

from 5-140 mm were found to be conducive for 

schistosomiasis, while June and July marked a period with 

fewer reported cases, attributed to adverse temperatures 

around 26-30°C and lower precipitation levels (5.0 to 91.8 

mm). Furthermore, Biomphalaria snails demonstrated 

higher population growth and susceptibility to infection 

than Bulinus snails, particularly below 25°C, with their 

populations declining above this temperature threshold and 

it is optimal for intensifying snail interventions. Expanding 

the scope, this study revealed that specific non-host 

competitor snails and predator behaviors such as attack and 

handling times, can directly control the population of IH 

snails. However, employing a singular snail competitor or 

predator alone did not achieve complete disease eradication, 

while their simultaneous application resulted in a significant 

decrease in the IH snail population. This reduction brought 

the reproductive number below unity, indicating the 

effectiveness of disease control measures. Moreover, model 

evaluating the individual and tiered impact of remaining 

control strategies in the current study, including 

chemotherapy, awareness programs, snail removal, and 

environmentally dependent chemical control, revealed that 

no single or combination of 2-3 tiered approaches could 

entirely eradicate schistosomiasis, except for a four-tiered 

strategy that integrates all assessed interventions. All work 

in this dissertation contributes to a better understanding of 

the community structure of IH snails (where and why their 

distribution occurs) as well as the impact of climate 

variability, non-host snails, and predators, as well as 

evaluating the effectiveness of all stakeholders. It enables 

the optimization of resources, adaptation of interventions, 

and supports evidence-based decision-making, fostering 

community trust.  
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(ii) Zusammenfassung  

Schistosomiasis stellt eine bedeutende öffentliche 

Gesundheitsgefahr in Subsahara-Afrika dar und betrifft 

insbesondere arme ländliche Gemeinden. Diese Krankheit 

wird hauptsächlich von den Parasiten S. mansoni und S. 

haematobium verursacht, die von Süßwasserschnecken der 

Gattungen Biomphalaria und Bulinus übertragen werden. 

Ostafrika, das von dicht besiedelten ländlichen Gebieten 

geprägt ist, trägt die höchste Krankheitslast in der Region, 

wobei spezifische Hotspots in Uganda, Kenia und Tansania 

identifiziert wurden. Verschiedene Faktoren, darunter 

klimatische Variabilität, geografische Merkmale, Umwelt-

/Lebensraumeignung, Biodiversität und anthropogene 

Einflüsse, beeinflussen die Verteilungsmuster der 

Zwischenwirtschnecken und die Übertragung der 

Schistosomiasis über verschiedene geografische Skalen 

hinweg. Der neue WHO-Aktionsplan betont einen One-

Health-Ansatz und empfiehlt gezielte 

Schneckenbekämpfung und alternative Methoden. Unser 

Wissen über die Determinanten der Populationsstruktur der 

beiden Gattungen und ihre Rolle bei der Übertragung, 

Verbreitung und Prävalenz der Schistosomiasis unter 

verschiedenen Szenarien, wie etwa klimatischer Variabilität 

in Ostafrika ist begrenzt. Diese Studie zeigt bedeutende 

extrinsische Parameter, die die Verteilung der 

Zwischenwirtschnecken auf lokaler (Westuganda) und 

regionaler (Ostafrika) geografischer Ebene beeinflussen, 

unter Verwendung von Random Forest, einer Methode des 

maschinellen Lernens. Auf kleinerer Ebene erwiesen sich 

Geografie, Vielfalt der assoziierten Molluskenfauna und 

Klima als wichtige Prädiktoren für das Vorkommen von 

Biomphalaria, während Molluskenvielfalt, Wasserchemie 

und Geografie hauptsächlich das Auftreten von Bulinus 

kontrollierten. Molluskenvielfalt und Geografie waren auch 

für das Vorhandensein beider Gattungen zusammen 

relevant. Auf regionaler Ebene deuteten die Ergebnisse 

darauf hin, dass Geografie und Klima primäre Faktoren für 

Biomphalaria sind, während das Auftreten von Bulinus 

zusätzlich durch den Tonanteil im Boden und die 

Stickstoffkonzentration beeinflusst wurde. Diese Parameter 

spiegeln die Prozesse wider, die bei der 

Metagemeinschaftszusammenstellung eine Rolle spielen 

und umfassen Faktoren wie Dispersionsbeschränkung, 

Umweltfilterung und biotische Interaktionen, die die 

Etablierung von Gattungen beeinflussen. Darüber hinaus 

wurden mathematische Modelle formuliert, um die 

Dynamik der Übertragung der Schistosomiasis zu 

quantifizieren, wobei der Schwerpunkt auf der Rolle der 

Zwischenwirtschnecken und aller Interessengruppen bei der 

Übertragung und Bewältigung (klimatischer Variabilität 

und Kontrollstrategien) lag. Innerhalb von Ostafrika zeigte 

diese Studie unterschiedliche Inzidenzraten zwischen den 

Ländern basierend auf Temperatur- und 

Niederschlagsmustern, gekennzeichnet durch saisonale 

Schistosomiasis-fälle und -Wiederauftreten. Bedingungen 

mit Temperaturen zwischen 20-27°C und Niederschlägen 

von 5-140 mm erwiesen sich als günstig für die 

Schistosomiasis, während der Juni und Juli eine Phase mit 

weniger gemeldeten Fällen markierten, die auf ungünstige 

Temperaturen um 26-30°C und niedrigere 

Niederschlagsmengen (5,0 bis 91,8 mm) zurückzuführen 

waren. Darüber hinaus zeigten Biomphalaria-Schnecken 

ein höheres Wachstum der Population und eine höhere 

Anfälligkeit für Infektionen als Bulinus-Schnecken, 

insbesondere unter 25°C, wobei ihre Populationen über 

diesem Temperaturschwellenwert abnehmen und es optimal 

ist, um Schnecken-interventionen zu verstärken. In einem 

erweiterten Rahmen zeigte diese Studie, dass bestimmte 

nicht-wirtsspezifische Konkurrentenschnecken und 

Räuberverhalten wie Angriffs- und Umgangszeiten direkt 

die Population der Zwischenwirtschnecken kontrollieren 

können. Die alleinige Anwendung eines einzigen 

Schneckenkonkurrenten oder -Räubers führte jedoch nicht 

zur vollständigen Ausrottung der Krankheit, während ihre 

gleichzeitige Anwendung zu einer signifikanten Abnahme 

der Population der Zwischenwirtschnecken führte. Diese 

Reduzierung brachte die Reproduktionszahl unter Eins, was 

auf die Wirksamkeit von 

Krankheitsbekämpfungsmaßnahmen hinweist 
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1. Introduction  

1.1. Background and Research Context 

Human schistosomiasis, a neglected tropical disease widely 

known as bilharzia, emerges as a substantial public health 

challenge due to its endemic prevalence impacting impover-

ished rural communities [1,2]. Ranking second only to ma-

laria in its incapacitating impact, it is additionally recog-

nized as the most widespread and consequential water-borne 

disease [2,3]. Its repercussions are particularly pronounced 

across tropical and sub-tropical regions, exacerbating pre-

vailing health disparities [4,5]. The far-reaching socioeco-

nomic consequences of the disease manifest in reduced 

productivity, impaired childhood development, and in-

creased healthcare costs [6,7]. The burden is significant, 

with 90% of schistosomiasis cases occurring in Sub-Saharan 

Africa [1].  

The disease occurrence is linked to rural or semi-rural set-

tings, characterized by poverty, inadequate sanitation, and a 

lack of access to clean water sources [1,8,9], along with 

abundant unclean freshwater sources that serve as potential 

habitats for intermediate host (IH) snails, which serve as 

vectors for schistosomiasis [3,10,11,12,13]. For example, 

East Africa, a region within Sub-Saharan Africa, exhibits a 

varied presence of freshwater gastropods that demonstrate 

adaptability to a wide range of habitats [2,10]. These include 

perennial or seasonal pools, rice fields, reservoirs, lakes, 

wetlands, rivers, creeks, and marshlands, as well as artificial 

structures like dams, drainage ditches, and irrigation 

schemes [11,12,14,15]. Significantly, Western Uganda, sit-

uated in East Africa, features approximately 90 maar crater 

lakes [15]. These lakes demonstrate distinct patterns of in-

termediate host (IH) snail distribution [13,16] and exhibit 

correlations with local disease prevalence in the region 

[17,18,19,20].  

Furthermore, the region is characterized by an array of fac-

tors that are potential drivers of the distribution patterns of 

IH snails and schistosomiasis transmission across varying 

geographic scales, encompassing climatic variability in air 

and water temperature, precipitation, land surface tempera-

tures [21,22,23,24,25,26,27], geographical factors such as 

altitude, slope, geographical coordinates 

[13,16,17,18,23,28], environmental/habitat suitability such 

as physio-chemical properties [13, 22,28,29], ecological set-

tings including associated biodiversity such as competitor 

snails and predators [8,30,31,32,33,34,35,36,37] and anthro-

pogenic factors influence such as settlement, fishing and ag-

riculture [23,26,38,39]. Particularly, East Africa stands out 

as having densely populated rural areas within Sub-Saharan 

Africa, exhibiting a noteworthy annual population growth 

rate of 2.7% [40].  

Furthermore, small areas like crater lakes in Western 

Uganda within East Africa, are particularly remarkable for 

their high population density in the rural landscape, with an 

annual growth rate of 3.3% [41]. In these settings, frequent 

contact with water contaminated by schistosome eggs poses 

a substantial risk of infection [42,43], potentially contrib-

uting to the significant and alarming increase in schistoso-

miasis in East Africa [44]. The region is characterized by 

specific hotspots, such as those within the highlands in East-

ern and Western Uganda [16,17,18], and other areas identi-

fied as schistosomiasis persistent hotspots, including those 

in Kenya and Tanzania [45]. Hence, the crater lakes within 

Western Uganda and the broader East Africa region serve as 

crucial model ecosystems for studying the community com-

position of IH snails. Additionally, they offer valuable in-

sights into the transmission dynamics, prevalence, and man-

agement of schistosomiasis within these distinct geographic 

zones. Figure 1 depicts the distribution of IH snails across 

56 hotspot crater lakes within the Fort Portal, Ndali-Kasenda 

(C), and Bunyarugura (D) crater lake fields of Western 

Uganda, as a small geographical model system. Addition-

ally, it includes a broader regional geographical model cov-

ering East Africa (B), all situated within the African conti-

nent (A). 

1.2. Schistosoma species diversity and 

transmission dynamics  

Globally, at least five Schistosoma species infect humans, 

with a particular focus on S. mansoni and S. haematobium in 

this thesis, as they are major contributors to the human dis-

ease burden [46,47]. The transmission of S. mansoni, caus-

ing intestinal schistosomiasis, occurs through Biomphalaria 

snails, while S. haematobium, responsible for urogenital 

schistosomiasis, is transmitted by Bulinus snails [48]. Bi-

omphalaria species universally exhibit susceptibility to S. 
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mansoni infection, while Bulinus snails, grouped into B. af-

ricanus, B. forskalii, B. reticulatus, and the Bulinus trunca-

tus/tropicus complex, display varying degrees of suscepti-

bility to schistosome infection [10,49]. Beyond human 

health, the impact of schistosomiasis extends to veterinary 

implications, with several Schistosoma species causing 

schistosomiasis in livestock. These parasites find hosts 

among the Bulinus species, such as Schistosoma bovis, or 

within specific species of the genus, like Schistosoma 

margrebowiei [10,50]. Human schistosomiasis, is character-

ized by a complex life cycle involving two primary hosts: 

freshwater snails as IHs and humans as definitive hosts [2]. 

This intricate life history is visually represented in the sim-

plified life cycle diagram (Figure 2). 

Notably, as a waterborne disease, the environmental infec-

tive stages of the parasite, including IH snails, snail-infective 

miracidia, and human-infective cercariae, are confined to 

freshwater habitats. The life cycle of the schistosome begins 

with cercaria shedding from infected snails into the water. 

Within a few seconds of contact with the human host, they 

can penetrate through the skin and invade the body. The cer-

caria larvae enter the circulatory system and migrate through 

the lungs to the liver where they transform into adult schis-

tosomes and mate inside the body. Subsequently, adult cou-

ples migrate to their final destination to reproduce. Schisto-

soma mansoni moves to the blood arteries and the portal sys-

tem, where the females shed their eggs through the intestinal 

walls and are excreted in faeces into freshwater sources. 

 Conversely, S. haematobium migrates to the vessels of the 

urinary bladder, where females produce eggs that pass 

through the bladder wall and are excreted in the urine con-

taminating freshwater sources. The eggs of both schistosome 

species hatch into miracidia larvae in freshwater. These lar-

vae exclusively infect respective intermediate host snails, 

where they undergo transformation into cercaria larvae.  

Subsequently, these cercariae infect humans, completing the 

Figure 1. The map depicts the occurrence of intermediate host (IH) snails in a small geographical model system across three crater lake 

fields: Fort portal, Ndali-Kasenda (C) and Bunyaruguru (D) in Western Uganda, as well as a broader a regional geographical model across 

East Africa (B), both of which are situated within Africa (A). Symbols: a yellow circle indicate the presence of Biomphalaria snail, and a 

red triangle represents Bulinus snail.  
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life cycle [46]. The simplified diagram for Schistosoma life 

cycle is depicted in Figure 2. 

 

Figure 2. The Schistosoma life cycle for human schistosomiasis 

(taken from Ministry of Health, Uganda). 

1.3. Schistosomiasis clinical manifesta-

tions, treatment challenges, and global 

control efforts 

Human schistosomiasis imposes a range of debilitating 

symptoms upon infection. Infections caused by S. mansoni 

may lead to complications such as pulmonary hypertension 

and schistosomal appendicitis, among other issues [1,46,51]. 

In contrast, S. haematobium infection manifests with symp-

toms including hematuria, bladder cancer, anemia, and in-

fertility, among others [1,46,52]. Additionally, co-infection 

with both S. haematobium and S. mansoni can result in more 

complex immune-mediated glomerulopathies [53]. Despite 

ongoing research and clinical trials, there are currently no 

available vaccines to protect humans against schistosomiasis 

infection [54, 55,56]. The primary treatment for schistoso-

miasis remains the anthelmintic praziquantel [8,27,45]. 

However, concerns have been raised about potential drug re-

sistance and re-infections post-treatment [57, 58]. Despite 

the 2020 schistosomiasis elimination target failure [59], on-

going research and surveillance are crucial for refining strat-

egies [58], to meet the renewed elimination goals by 2030 

[60].  

The new WHO roadmap emphasizes a One Health approach, 

expanding Mass Drug Administration (MDA), exploring 

praziquantel alternatives, improving diagnostics, and inte-

grating WASH and animal health. Priority areas include tar-

geted snail intervention and alternative methods [7,27,61].  

 Some countries like Japan and Tunisia have made signifi-

cant strides in disease control, others, including Morocco, 

Brazil, China, Egypt, and certain Caribbean islands, have 

successfully reduced the burden of schistosomiasis [46,62]. 

Schistosomiasis elimination in Japan, predating praziquan-

tel, involved reducing snail populations through environ-

mental modification, complemented by health education and 

control of freshwater resources [62]. However, the situation 

in Africa, especially in East Africa, differs significantly. 

Mass drug administration has predominantly focused on 

school-aged children, overlooking vulnerable groups such as 

the elderly with compromised immunity and women of re-

productive age [63]. Additionally, achieving nationwide 

treatment coverage poses a challenge, with many local areas 

remaining vulnerable to high transmission risks [57]. More-

over, interventions specifically targeting snails have not 

gained widespread acceptance.  

Additionally, there is limited understanding of various as-

pects, including the factors influencing the community 

structure of IH snails and their role in the distribution and 

prevalence of schistosomiasis in the region. On the flip side, 

climate variability presents a significant global public health 

challenge in disease transmission [64], for example in areas 

like East Africa, transmission of schistosomiasis may fluc-

tuate based on temperature and precipitation patterns across 

seasons and time [23,65,66,67].  

In addition, climate changes have been identified as a factor 

influencing biodiversity including IH snails, non-host com-

petitor snails, and snail predators [68] and the broader eco-

logical systems, including their food webs 

[30,32,33,36,60,61], with a potential to influence disease 

transmission patterns and prevalence. Moreover, ongoing 

debates are fueled by persistent uncertainties surrounding 

the influence of climate change on diseases and their trans-

mission [5,23,53,69,70]. This uncertainty poses a significant 

public health challenge, prompting the need for continued 

investigation and analysis. Consequently, the utilization of 

deterministic models becomes crucial for the study, quanti-

fication, and prediction of the population dynamics of schis-

tosomiasis for enhancing the accuracy of predictions [71].   
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2. Knowledge gap and research ob-

jectives 

The One Health approach, integrating interventions targeting 

IH snails, human treatment, and health education, effectively 

disrupts schistosomiasis transmission. However, the adop-

tion of snail control methods is inconsistent in Africa. Yet, 

our knowledge regarding various aspects of snail hosts re-

mains limited, with a scarcity of studies aimed at providing 

comprehensive prevalence data and identifying significant 

drivers that influence the spatial distribution of intermediate 

hosts, particularly at small and regional scales, especially in 

high-population, poverty-setting regions like East Africa. 

Such potential drivers include but are not limited to those il-

lustrated in Figure 3.  

 

Figure 3. Potential factors influencing the distribution of (A) Buli-

nus, and (B) Biomphalaria intermediate snails across geographical 

scales. 

This might pose challenges for snail-targeted prevention and 

control strategies, as seen in schistosomiasis hotspots in East 

Africa like in Western Uganda, Kenya, and Tanzania. For ex-

ample, in Uganda, the general prevalence of schistosomiasis 

stands at 29.0%. In areas where open defecation and urina-

tion take place in surface water and the bush, the prevalence 

rises to 30.6% and 29.0%, respectively. Conversely, the prev-

alence drops to 22.3% in regions where sanitation facilities 

are exclusively used [72].  Therefore, there is a need to quan-

tify the risk levels of the population due to exposure to inter-

mediate hosts and understand their role in the transmission 

dynamics of the schistosome life cycle. Furthermore, climate 

variability's impact on vector and parasite populations, along 

with interactions on spatial and temporal scales, is a global 

public health concern, necessitating thorough research for 

precise integration into predictive models, especially in re-

gions like East Africa with distinct seasonal patterns. Conse-

quently, schistosomiasis poses a significant threat to the well-

being and livelihoods of affected populations. The urgency 

of addressing schistosomiasis on a local and regional scale 

cannot be overstated.  

Therefore, the primary objectives of this thesis are named 

and illustrated as follows; 

(i) To disentangle and identify the most important predictor 

parameters driving the distribution of Bulinus and/or Bi-

omphalaria species at both local hotspot areas (smaller 

scale extent) in Western Uganda and regional level of 

entire East Africa (Uganda, Kenya, and Tanzania). Spe-

cifically, this study delves into the analyses of occur-

rences of these genera concerning meta-community as-

sembly processes, including dispersal limitation, envi-

ronmental filtering, and biotic interactions. These pro-

cesses are crucial in influencing the successful establish-

ment of species within an ecosystem. Systematically un-

derstanding the relationships between extrinsic factors 

and IH snails is essential for controlling their distribution 

and developing a strategic Framework for effective 

schistosomiasis transmission management. 

(ii) To formulate mathematical models based on key stages 

of the Schistosoma life cycle (Figure 2), incorporating 

predictors identified from objective (i) and Figure 3, as 

the most important drivers of IH snails. Furthermore, 

these models seek to assess and appraise the most effec-

tive tiered One Health strategy including treatment, pub-

lic literacy, molluscicide, mollusk diversity (non-host 

competitor snails) as well as potential predators. 

3. Materials and Methods 

The thesis utilizes two primary methodological and material 

components to investigate the community structure of IH 

snails, addressing objective (i) with an emphasis on extrinsic 

parameters presented in Figure 3. Additionally, it quantifies 

the dynamics of schistosomiasis transmission, focusing on 

intrinsic parameters and controls from an epidemiological 

perspective (see Figure 4), to fulfill objective (ii). 
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3.1. Factors shaping the community 

structure of intermediate host snails at 

various scales 

A hypothesis was developed that distinct sets of factors de-

termine the distribution of Biompahalaria and Bulinus IH 

snails across different geographies, resulting in different lev-

els of exposure to schistosomiasis infection for different hu-

man population levels. This study examined the factors influ-

encing the community structure of two genera across local 

and regional scales, with detailed descriptions of the data and 

methodologies provided in sections 3.1.1-3.1.2.  

3.1.1. Data at local geographical scale 

The beginning of my doctoral thesis was marked by data 

from a field study conducted in which a network of 56 crater 

lakes in western Uganda was surveyed. The region is consid-

ered an endemic hotspot for schistosomiasis in sub-Saharan 

Africa[16, 17,18,73]. The sampling strategy included three 

out of the four designated crater lake fields: Ndali-Kasenda 

(32 lakes), Fort Portal (6 lakes), and Bunyaruguru (18 lakes) 

fields [15]. The fourth field, known as Katwe-Kikorongo 

[15], containing saline lakes unsuitable for mollusks [16,28], 

was intentionally excluded from the survey. At one or two 

localities per lake, sampling techniques employed involved 

dredging and/or scoop netting, along with manually picking 

snails attached to shoreline vegetation and other solid sub-

strates. Intermediate host snails and associated mollusk fauna 

at the genus level were identified and quantified, while geo-

graphical parameters (longitude, latitude, and altitude) were 

measured using a handheld Garmin GPS eTrex 20 device. 

Additionally, various physio-chemical parameters such as 

surface water temperature, dissolved oxygen, conductivity, 

and surface pH were measured using a handheld multi-meter 

probe.  

Data on water depth, total phosphorus, calcium, and magne-

sium were sourced from existing literature [28,74]. Secchi 

depth was determined using a Secchi disk. We obtain lake 

surface area and variance in lake data from Google Earth Pro 

version 7.3 based on the latest available satellite images. Cli-

matic data, encompassing air temperature and precipitation 

averaged for the period 1970–2000, were acquired from the 

WorldClim (v2.1) global database [75]. Assessment of hu-

man pressure on habitats, considering factors like land use, 

settlement, and cultivation, was assessed using satellite im-

ages from Google Earth. In this study, we used a total of 20 

predictor variables, 15 were acquired during the field survey, 

2 were sourced from online databases, and 3 were extracted 

from existing literature.   

3.1.2. Data at regional and larger geographical 

scales 

We collected geographical data (longitude and latitude co-

ordinates) about the distribution of Bulinus and Biompha-

laria across three East African countries: Uganda, Tanzania, 

and Kenya. In addition to the geographical data obtained 

through the survey at a local geographical scale, we col-

lected information from literature sources, specifically the 

works of Chibwana et al. [19] and Tumwebaze et al. [17]. 

Additionally, we incorporated data from the Global Biodi-

versity Information Facility [20], which encompasses recent 

information derived from museum specimens and DNA bar-

codes. This dataset represents the most up-to-date occur-

rence data for the region, as depicted in Figure 1.   

Bioclimatic data and elevation/altitude were obtained from 

the WorldClim (v2.1) database [75] utilizing the R program-

ming language. Additionally, data on land surface tempera-

ture [76], normalized vegetation index (NDVI) [77], and 

land cover were extracted from MODIS [78] via the Google 

Earth Engine (GEE) platform. Key soil-related parameters, 

including sand, clay, silt, water pH (pHH2O), and nitrogen 

content, were sourced from ISRIC [79] via R programming.  

Additional details concerning soil composition, such as soil 

pH, soil organic carbon content in fine earth, soil cation ex-

change capacity, and bulk density of the fine earth fraction, 

were obtained from iSDA using GEE. Slope information 

was derived from SRTM within GEE [80]. Distances from 

the closest water source were measured using FAO data 

through the "Extract Values to Points" tool in ArcGIS [81]. 

Furthermore, data on the Human Influence Index and Foot-

print Index were acquired from region-specific sources for 

Africa [82], initially in a geographic coordinate system 

(GCS). Later, these data were extracted at the pixel level us-

ing the "Extract Values to Points" tool in ArcGIS [81]. In 

this study, a total of 23 predictor variables were assessed for 

their importance in the distribution of IH snails across East 

Africa 
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3.1.3. Statistical-machine learning approach for 

data analysis 

Empirical-statistical methods, particularly those leveraging 

machine learning, play a pivotal role in uncovering correla-

tions among vectors, pathogens, and the environment. Ran-

dom Forest (RF) [83], a machine learning technique has 

found broad application in various scientific domains for 

classification and regression analyses [13,84,85,86,87]. In 

classification tasks, RF has demonstrated superior predic-

tive accuracy compared to other methods like logistic re-

gression with forward variable selection, boosted classifica-

tion trees, support vector classification, elastic net logistic 

regression, and multilayer perceptron classification 

[,88,89,90]. RF is resilient to multi-collinearity, a common 

issue in ecological datasets [89]. It also provides effective 

solutions for addressing missing data [91]. Therefore, we 

developed RF model algorithms to reveal the significant pa-

rameters governing the distribution of Biomphalaria and/or 

Bulinus. This involved analyzing individual datasets at 

small geographical areas initially and subsequently expand-

ing the investigation to larger regional geographical scales. 

To test the hypothesis that specific parameters play a signif-

icant role in influencing the distribution of Biomphalaria 

and Bulinus species across diverse examined regions, this 

study anticipates that these two genera are regulated by dif-

ferent sets of parameters due to their distinct dispersal capa-

bilities and adaptations. Moreover, substantial variations in 

the ranges of predictor variables are expected between 

larger and smaller geographical scales.  

3.2. Population study of schistosomiasis 

prevention and management    

In this subsection, we delve into the epidemiological com-

plexities of schistosomiasis and examine how mathematical 

modelling contributes to our understanding of its transmis-

sion dynamics, the effectiveness of preventive measures, 

and the management of this persistent public health concern, 

as can be illustrated in Figure 4  

3.2.1. Data for schistosomiasis population study 

The data sources comprise empirical field surveys, clinical 

studies, health records, and demographic and climatological 

data, collectively offering insights into the characteristics 

and factors influencing the transmission of schistosomiasis. 

The integration of these diverse data sets is essential for 

evaluating population susceptibility and vulnerability to en-

able the comprehensive design of effective prevention and 

management strategies for schistosomiasis. Climatological 

(minimum and maximum temperature and rainfall patterns) 

Figure 4. The life cycle of Schistosomiasis transmission serves as a model for studying population dynamics and assessing the impact 

of targeted control measures aimed at eradicating schistosomiasis by addressing various stages of the disease. 
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data for East Africa collected from the World Bank Climate 

change, WBC [92] was used to characterize climatically de-

pendent traits such as human infection rate, cercaria shed-

ding rate, snail infection rate, snail mortality rate, infected 

snail mortality rate, miracidia death rate, and others. The de-

mographic and population data for Uganda, Kenya, and Tan-

zania were sourced from the latest UN demographic esti-

mates and World Bank statistics from 

https://data.worldbank.org/indicator/sp.dyn.le00.in? and 

https://worldpopulationreview.com/countries, respectively. 

These data sets provided valuable insights for estimating 

various factors such as total population, life expectancy, 

daily recruitment rate, new infections per day, and more. 

The remaining parameter data (refer to figure 4) were ob-

tained from a variety of sources, including existing litera-

ture, field and laboratory experiments [65,66,93, 94], as 

cited in the references). In cases where specific data were 

unavailable, expert estimates grounded in the current under-

standing of vector and disease dynamics in schistosomiasis 

were utilized.   

3.2.2. Mathematical modelling approach 

While empirical-statistical models are essential for their 

correlation purpose, mathematical models allow exploration 

of biological mechanisms and questions about the overall 

schistosomiasis dynamical system (see Figure 2 and 4), that 

cannot be adequately addressed using empirical methods. 

Such deterministic models not only quantify conditions for 

disease eradication but also aid in early detection, optimal 

targeting of preventive measures, and emphasizing timely 

treatment for at-risk individuals, among others [57, 95,96]. 

This study employed ordinary differential equations 

(ODEs) to formulate mathematical models based on the dy-

namics illustrated in Figure 4, incorporating specific param-

eters and scientific assumptions. ODEs have been widely 

applied in comprehending the transmission dynamics of 

schistosomiasis, as evidenced by various studies [57,65, 

67,93,94,95]. The application of ODEs in this research pro-

vides a robust framework for analyzing and predicting the 

transmission patterns of schistosomiasis, contributing valu-

able insights to the field.  

3.2.3. Mathematical model analysis  

Mathematical models are analyzed numerically through 

techniques like center manifold theory to test the stability of 

equilibrium to understand the long-term behavior of the 

model [97]. The next-generation matrix approach is em-

ployed to evaluate disease severity [98,99]. For example, the 

basic reproduction number (𝑅0) in the model quantifies the 

average number of new infections caused by a single infec-

tious individual. A 𝑅0 > 1 suggests the potential for disease 

outbreak and persistence, while an 𝑅0 < 1 indicates a likeli-

hood of disease-free conditions. Additionally, sensitivity 

analyses using Rank Correlation Coefficients (PRCC) tests 

are applied to reveal significant parameters controlling 

transmission [100].  

Moreover, numerical simulations are executed to simulate 

the model equations and visualize the dynamics over time. 

These analytical and numerical conditions serve as bench-

marks for assessing the efficacy of control measures includ-

ing climate over the transmission of the disease. The effi-

cacy ranges from 0 to 1, it is 0 if the strategy is non effective 

and 1 if 100% effective. 

4. Publication work outlines  

This thesis comprises four peer-reviewed papers and two ad-

ditional articles that have been submitted to peer-reviewed 

journals for publication. 

4.1. Factors controlling local distribution 

of intermediate host snails 

Tabo, Z., Neubauer, T. A., Tumwebaze, I., Stelbrink, B., 

Breuer, L., Hammoud, C., & Albrecht, C. (2022). Factors 

Controlling the Distribution of Intermediate Host Snails of 

Schistosoma in Crater Lakes in Uganda: A Machine Learn-

ing Approach. Frontiers in Environmental Science, 10, 

871735. Doi: 10.3389/fenvs.2022.871735 

The research aimed to unravel the factors influencing the 

distribution of Biomphalaria and/or Bulinus in Western 

Uganda. The region is a schistosomiasis endemic hotspot 

characterized by hilly uplands harboring over 90 small crater 

lakes, each hosting both snail species. The region also fea-

tures a diverse array of potential factors that could impact 

the establishment of both genera. In this study, a local field 
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survey was conducted across three CLFs in the region, cov-

ering a total of 56 crater lakes. The survey aimed to gather 

data on various features in addition to the IH snail data, in-

cluding associated mollusk fauna, geographical parameters 

(longitude, latitude, and altitude), physio-chemical parame-

ters, absolute and Secchi depth, as well as climatic, environ-

mental, and anthropogenic factors.  

The assessment of these features for their importance in IH 

snail distribution was carried out by applying the RF ma-

chine learning approach. The findings indicate that distinct 

sets of parameters emerged as significant factors governing 

the presence of different IH snails across the combined and 

individual crater lake fields. Geography, mollusk fauna di-

versity, and, to a degree, climate and hydrology were key 

influencers for Biomphalaria in the combined dataset for the 

three CLFs.  For Bulinus, mollusk fauna diversity, hydrol-

ogy, and, to a lesser degree, geography significantly affected 

their distribution, while their co-existence was influenced by 

mollusk fauna diversity, geography, and hydrology.  

At the level of each CLF, geography emerged as the primary 

determinant of Biomphalaria, while, alongside a diverse 

mollusk fauna, geography and hydrology played a compar-

atively smaller role in governing Bulinus snail distribution. 

The coexistence of both genera at this level was predomi-

nantly influenced by the diversity of associated mollusk 

fauna and geography. These parameters indicate meta-com-

munity assembly processes, encompassing dispersal limita-

tion, environmental filtering, biotic interactions, and favora-

ble conditions shaping species establishment in an ecosys-

tem. They guide health workers and policymakers, helping 

prioritize interventions to interrupt local transmission for 

schistosomiasis control, based on identified predictors.  

Contribution: Lead author; conceptualization, methodol-

ogy, data analysis, conceived the study. 

4.2. Factors controlling regional distribu-

tion of intermediate host snails  

Tabo, Z., Breuer, L., Fabia, C. et al. A machine learning 

approach for modeling the occurrence of the major inter-

mediate hosts for schistosomiasis in East Africa. Scientific 

Reports 14, 4274 (2024). Doi: 10.1038/s41598-024-

54699-1 

Biomphalaria and Bulinus snail species are key contributors 

to the significant disease burden of S. mansoni and S. hae-

matobium in East Africa. This research systematically ex-

amines the significance of key factors, such as climate/envi-

ronment, geography, soil composition, and human indices, 

associated with the two genera in East Africa utilizing an RF 

algorithm. Moreover, when contrasted with the previous lo-

cal scale study in western Uganda, this study offers insights 

into potential variations in the primary factors influencing 

IH snail distribution across geographical scales.   

The findings indicated minimal variation in the potential de-

terminants influencing the distribution of both genera at a 

broad geographic scale. The findings highlight geography 

and climate as primary determinants for Biomphalaria, with 

Bulinus occurrence further linked to soil clay content and 

nitrogen concentration. Favorable climatic conditions in 

East Africa suggest a higher prevalence of IHs, while the re-

lationship with geography suggests potential dispersal limi-

tations or environmental filtering.  The correlation between 

clay soils and soil nitrogen levels with Bulinus snails indi-

cates favorable conditions for the survival and proliferation 

of these snails in their aquatic habitats. These factors repre-

sent the processes of speciation, extinction, environmental 

filtering, and dispersion influencing the establishment of IH 

snails in the region.  

The study provides crucial insights into the regional frame-

work, highlighting significant distinctions from essential 

factors at the local scale. This information assists health 

workers and policymakers in formulating targeted strategies 

for the prevention and control of schistosomiasis in the re-

gion, taking into account geographical variations. 

Contribution: Lead author; conceptualization, methodol-

ogy, main data analysis, conceived the study. 

4.3. Exploring the interplay between cli-

mate change and schistosomiasis trans-

mission dynamics. 

Tabo, Z., Kalinda, C., Breuer, L., & Albrecht, C. (2024). Ex-

ploring the interplay between climate change and schistoso-

miasis transmission dynamics. Infectious Disease Model-

ling, 9 (1), 156-178. DOI: 10.1016/j.idm.2023.12.003 
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Centered on East Africa and recognizing the simultaneous 

increase in population growth along with the rising preva-

lence of schistosomiasis, this study investigates the substan-

tial public health challenges arising from climate variability 

in the region.  For this purpose, an autonomous climatic-

mathematical model was developed, applied to the East Af-

rican population, and parameterized using demographic and 

climatological data for this region.  

The study findings highlight the substantial impact of sea-

sonal and monthly variations on schistosomiasis transmis-

sion, demonstrating varied incidence rates among countries 

based on temperature and rainfall patterns. Within the re-

gion, seasonal schistosomiasis emergencies and re-emer-

gences are noted. Conditions with temperatures between 20-

27°C and precipitation ranging from 5-140 mm appear con-

ducive for schistosomiasis transmission in East Africa. No-

tably, March and April pose heightened challenges with in-

creased infections across the region, notably in Kenya, fol-

lowed by Tanzania and Uganda. For each country, specific 

months reveal peaks in infections: April, May, and Decem-

ber in Kenya; February, March, and December in Uganda; 

and April and November in Tanzania. Conversely, June and 

July mark a period with fewer reported cases, attributed to 

adverse temperatures around 26-30°C and lower precipita-

tion levels (5.0 to 91.8 mm).  

Furthermore, the model predicts that parameters like snail 

reproduction rate, the unhygienic patterns of open deifica-

tion, and the rate of miracidia shedding per parasite egg 

could significantly impact schistosomiasis infections by 

2050. The model proficiently identifies hydro-meteorologi-

cal conditions that increase the transmission risk of schisto-

somiasis across East Africa. It highlights the necessity of im-

plementing proactive measures to mitigate the disease's im-

pact on vulnerable populations in the region amidst climate 

change and developing effective management strategies. 

Contribution: Lead author; conceptualization, methodol-

ogy, data analysis, conceived the study 

4.4. Modeling temperature-dependent 

schistosomiasis dynamics in Single and 

co-infections  

Tabo, Z., Breuer, L., & Albrecht, C. (under review). Model-

ling Temperature-dependent Schistosomiasis Dynamics for 

Single and Co-infections with S. mansoni and S. haemato-

bium. (Under revision in PLOS ONE)  

Schistosoma mansoni and Schistosoma haematobium pre-

sent distinct pathological profiles despite receiving limited 

attention in their co-infection scenario. This poses an addi-

tional challenge in understanding and addressing their im-

pact on human health. Compelling epidemiological evidence 

consistently indicates a strong association between the two, 

emphasizing their susceptibility to temperature fluctuations 

in their mutual interaction and coinfection. This necessitated 

a temperature-dependent mathematical model to explore and 

compare their transmission patterns for both single and co-

dynamics in the climatic setting of East Africa to address 

this crucial gap. Parameterized by data from two laboratory 

studies in the literature the results indicate that the impact of 

temperature on the heightened proliferation of new S. hae-

matobium cases among human individuals, potentially leads 

to an increased likelihood of S. mansoni co-infection. Under 

moderate temperatures (20°C and 25°C), both individual 

and co-infected definitive hosts exhibit elevated infection 

levels compared to conditions at 35°C, where infections sig-

nificantly decrease.  

Furthermore, the recovery rates of infected individuals due 

to treatment increase with temperature, reaching a peak at 

25°C and 35°C. Biomphalaria snails demonstrate higher 

population growth and susceptibility to infection than Buli-

nus snails, particularly below 25°C, with their populations 

declining above this temperature threshold. Result suggest 

that targeting snails during seasons below 25°C, when sus-

ceptibility is higher, and implementing human treatment in-

terventions around 25°C-35°C, where recovery rates peak, 

may yield optimal results. While this suggests distinct inter-

vention seasons for snails and humans, we propose a more 

effective approach by intensifying interventions during sea-

sons with intermediate temperatures around 25°C for both 

snails and humans.  

Contribution: Lead author; conceptualization, methodol-

ogy, data analysis, conceived the study. 

4.5. Selective competitive and predatory 

intervention of intermediate hosts 
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Tabo, Z., Luboobi, L., Kraft, P., Breuer, L., & Albrecht, C. 

(2024). Control of schistosomiasis by the selective competi-

tive and predatory intervention of intermediate hosts: A 

mathematical modeling approach Mathematical Biosci-

ences, 376, 109263. Doi; 10.1016/j.mbs.2024.109263 

Within the ecological framework of biological control, the 

interaction between potential competitors and predators co-

existing with IH snails becomes a pivotal factor in governing 

the distribution of IH snails as well as influencing the dy-

namics of Schistosoma transmission. Moreover, different 

competitors and predators of IH snails have different capa-

bilities and behaviors as biological controls. This manuscript 

quantifies the dynamics of their interaction and assesses 

their consequent impact on schistosomiasis transmission, 

prevalence and impact of biological control.  Examining the 

capabilities of diverse competitors indicates that particular 

non-host snails possess a competitive advantage that mark-

edly reduces the population of IH snails. This, in turn, miti-

gates the emergence of cercariae, which pose a risk of infec-

tion to humans. Conversely, certain potential competitors 

demonstrate less impact, resulting in the persistence of the 

disease. 

On the other hand, predator behaviors, especially attack and 

handling times, are pivotal in schistosomiasis control as they 

directly impact the level of predation on IH snails. Predators 

with faster attack rates and shorter prey-handling times are 

inclined to prey on and diminish the population of IH snails. 

This, in turn, leads to a subsequent reduction in the shedding 

of infectious cercariae, thereby limiting their transmission to 

humans and the spread of disease. Conversely, predators 

with longer handling times and slower attack rates for prey 

exhibit the opposite effect. However, employing a singular 

snail competitor or predator alone did not achieve complete 

disease eradication while their simultaneous application 

with controls at specific levels resulted in a noteworthy de-

crease in the IH snail population. This reduction brought the 

reproductive number below unity, signaling the effective-

ness of disease control measures. Hence, by subjecting bio-

logical agents, especially native ones, to experimental as-

sessment or screening of their competitive and predatory 

abilities, integrated control strategies can demonstrate cost-

effectiveness and long-term efficacy. This approach is cru-

cial for preserving ecosystem equilibrium, regulating snail 

population, and mitigating ecological repercussions associ-

ated with schistosomiasis  

Contribution: Lead author; conceptualization, methodol-

ogy, and data analysis conceived the study  

4.6. Adapting strategies for effective schis-

tosomiasis prevention 

 Tabo, Z., Kalinda, C., Breuer, L., & Albrecht, C. (2023). 

Adapting strategies for effective schistosomiasis preven-

tion: a mathematical modeling approach. Mathematics, 

11(12), 2609.  Doi: 10.3390/math11122609 

The latest WHO roadmap incorporates One Health strategies 

to eradicate schistosomiasis by 2030. Nonetheless, the effec-

tiveness of both individual and layered strategies in achiev-

ing schistosomiasis eradication has not been thoroughly in-

vestigated. This study introduces a mathematical model that 

assesses the individual and tiered impact of chemotherapy, 

awareness programs, snail removal, and environmentally 

dependent chemical control focusing on their unique half-

lives and exposure durations to the target species. Chemo-

therapy and chemical applications independently show sig-

nificant success in reducing new cases of schistosomiasis. 

However, neither method individually achieves the eradica-

tion of the disease.  Yet, no combination of 2-3-tiered ap-

proaches could entirely eradicate schistosomiasis, except for 

a four-tiered strategy that integrates all assessed interven-

tions.  Additionally, results revealed a chemical-temperature 

dependent efficacy, higher temperatures and prolonged 

chemical persistence reduce the chemically induced mortal-

ity rate of snails, necessitating the reapplication of chemicals 

to counter this decline.  

Furthermore, increasing the half-life of various mollusci-

cides boosts the mortality rate of snails. As a result, areas 

characterized by varied weather patterns and seasonal cli-

mates necessitate tailored strategies that consider the suita-

ble/safer chemical and optimized time intervals for reappli-

cation. The findings contribute to ongoing research on mol-

luscicidal action and structure-activity relationships, aiming 

to develop suitable chemicals for schistosomiasis control. It 

enables the optimization of resources, and adaptation of in-

terventions, and supports evidence-based decision-making, 

fostering community trust. 
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Contribution: Lead author; conceptualization, methodol-

ogy, data analysis, conceived the study 

5. Results and Discussion  

This research centered on multi-faceted domains. Firstly, it 

involved the development of a statistical model for IH snails 

to predict factors influencing their community structure at a 

small geographical scale, addressing challenges and provid-

ing transmission overview at the local level in schistosomi-

asis hotspots in Western Uganda. Secondly, the research ex-

tended its focus to a larger geographical scale at the regional 

level, broader East Africa, to tackle challenges from a 

broader perspective. In the first and second domains. We ex-

plored the applicability of a machine learning algorithm to 

determine significant predictors of IH distribution and 

whether they differ across geographical scales. Thirdly, I in-

troduced and crafted mechanistic models to provide a com-

prehensive understanding of the transmission dynamics of 

schistosomiasis. These models not only forecast the effects 

of climate variability but also assess various control strate-

gies, as illustrated in Figure 4. Importantly, this initiative in-

volves engaging all pertinent stakeholders. The applicability 

of these models extends beyond East Africa to a global con-

text.  Henceforth, the outcomes are presented and deliber-

ated upon, delving into the factors governing the distribution 

of IH snails, along with the modeling of transmission dy-

namics, as well as strategies for the control and management 

of schistosomiasis. 

5.1. Significant drivers of intermediate 

host snails across geographical scales    

An expanding body of evidence indicates that targeting IH 

snails presents a viable strategy for effectively managing 

their populations and impeding the progression and dissem-

ination of schistosomiasis [36,60,61]. However, the commu-

nity structure and adaptability of IH snails play a crucial role 

in disease distribution [2,10]. Hence, it is vital to compre-

hend the major factors that affect the spread of IH snails, the 

primary agents responsible for the prevalence of schistoso-

miasis across various geographical levels. Applying empiri-

cal-statistical modeling, Tabo et al. [13] explored the dis-

tinctive parameter sets influencing the distribution of Bi-

omphalaria and/or Bulinus at a scale of Western Uganda, 

and at the more confined scale of individual crater lakes field 

within western Uganda, a persistent schistosomiasis hotspot 

in East Africa [17,16,18]. Concurrently, Tabo et al. [101] 

provided insights into important factors influencing the dis-

tribution of IH snails on a regional scale across East Africa 

(refer to Figure 5 for various parameters investigated).  The 

two studies validate the hypothesis that distinct parameters 

hold relevance across varying geographical scales. Within 

this thesis, we discuss the associations between the occur-

rence of IH snails and specific individual or grouped ecolog-

ical parameters, with a focus on those deemed significant. 

 5.1.1. Geography 

Geographical variables such as latitude, longitude, proxim-

ity to craters, and large lakes serve as crucial determinants 

for both genera across various geographical scales in gen-

eral  [13, 101]. However, altitude exhibits less pronounced 

importance for Bulinus distribution and lacks significant im-

pact for Biomphalaria within individual crater lake fields, 

primarily due to the absence of altitudinal variation in these 

regions [13], as observed in some areas for Bulinus, see Abe 

et al. [102]. Nonetheless, Tabo et al. [101] documented that 

both genera thrive better below 500 meters above sea level 

(m a.s.l), possibly because lower altitudes favor stagnant 

water, facilitating breeding, while higher altitudes promote 

water flow [25], reflecting the dispersal patterns influenced 

by environmental filtering of IH snails [22,103]. The altitu-

dinal range associated with risk exposure to schistosomiasis 

in East Africa spans from 3 to 2,342 m a.s.l across the two 

study areas, including those reported in earlier studies in 

Western Uganda [17,18,73] and elevations as high as 3,997 

m a.s.l. at Mount Elgon in Eastern Uganda [16]. This sug-

gests that individuals residing at these high altitudes should 

be considered part of the at-risk population, underscoring 

the necessity for targeted interventions in communities sit-

uated at high altitudes in East Africa and potentially in other 

countries beyond current national control activities. Further-

more, despite Biomphalaria's rapid dispersal, quick repro-

duction, and short generation times [10,104,105], the less 

significant association with distance (proximity to craters 

and large lakes) in a smaller geographical area at individual 

crater lake fields is not surprising. While this challenges as-

sumptions regarding biogeographical isolation and coloni-

zation potential [106], it aligns with the island biogeography 

hypothesis, considering waterbodies (lakes) in highlands 
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and mountains as island-like systems [107]. This agreement 

holds, especially since crater lakes in our study area are hy-

drologically and hydro-geologically disconnected [15]. 

Moreover, the altitudinal range in habitats in western 

Uganda extends from 914 to above 1,566 meters, resulting 

in a diverse array of climate regimes [28] characterized by 

lower temperature, pressure, and oxygen levels, along with 

increased insolation [108]. 

 5.1.2. Climate variables  

Climate variables such as precipitation play a significant 

role in determining the suitability of snail habitats [22] and 

can trigger more schistosomiasis, potentially boosting 

breeding sites, and the frequency of disease occurrences 

[21,24]. Tabo et al. [109] found that climate strongly pre-

dicts the presence of IH snails at a larger geographical scale, 

aligning with the broader influence of climatic conditions on 

mollusk distribution reported [22]. Surprisingly, in smaller-

scale regions like Western Uganda, the impact of climate ap-

pears to be diminished [13]. This may be attributed to the 

similar range of variation observed in different temperature 

and precipitation parameters for a smaller scale extent [13]. 

Figure 5. Contributions of the predictor features to the distribution of Biomphalaria (upper panel) and Bulinus (lower panel) across East 

Africa (a regional geographical scale) considering the variable importance by mean decrease in accuracy (MDA, left) and mean decrease 

in Gini (MDG, right) approach. The prominently significant features are highlighted in blue, those with minor influence are marked in 

black, and those in red are considered non-significant. Where BIO1= mean annual temperature, BIO5= temperature of the warmest month, 

BIO6= temperature of the coldest month, BIO12= annual precipitation, BIO13= precipitation of the wettest month, BIO14= precipitation 

of the driest month, LST=land surface temperature, water_distance=proxity to the nearest water body, NDVI= Normalized Difference 

Vegetation Index, Bulk_density=Bulk density of fine earth fraction, and PhH2O = pH in water. Figure from Tabo et al. [101] 
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Thus the impact of climate change on IH snails and schisto-

somiasis prevalence may vary based on geographical or spa-

tio-temporal scales [13,101,69].  

Nonetheless, precipitation plays a pivotal role in assessing 

the presence of suitable water bodies where snails, known 

hosts of schistosomiasis, thrive [22], and its fluctuations due 

to regional climate change can alter transmission patterns 

and the onset of schistosomiasis [22,70,109].  An increase in 

precipitation levels fosters the proliferation of breeding sites 

by augmenting surface runoff into freshwater ecosystems 

which amplifies the supply of organic matter, a vital food 

source for snails, thereby stimulating their estivation, growth 

and fecundity [21,22]. Thereby influencing their populations 

and affecting disease transmission [110,111]. However, ex-

cessive precipitation reduces snail populations due flooding 

sites, displacing snails to new areas, establishing new habi-

tats and posing a risk for the resurgence of schistosomiasis 

transmission [24]. Conversely, during dry seasons character-

ized by low precipitation levels, snails adapt by undergoing 

aestivation, leading to a reduction in their occurrence. More-

over, since freshwater snails are ectothermic and their tem-

perature is subject to environmental regulation [26], temper-

ature emerges as a key factor influencing various aspects of 

snail biology, including development, survival, fecundity, 

and reproductive rates [13,65,66,112]. Notably, Tabo et al. 

[109] highlights a significant prevalence of IH snails within 

temperature ranges of 20 to 25ºC in East Africa which com-

plements a 20-27ºC range reported in other studies 

[110,111]. Thus, the inclusion of pertinent climate variables 

play a pivotal role in influencing the distribution of IH snail 

vectors in the transmission dynamic [23,65,66,67], is crucial 

for enhancing the accuracy of predictions [71].  

5.1.3. Soil content and soil composition  

Soil content and composition, including clay content and ni-

trogen levels, have emerged as relevant factors at the East 

African scale [101], with similar results observed for the 

same species on a larger scale extent [22]. However, con-

flicting findings from smaller-scale research by Mereta et al. 

[113], Olkeba et al. [114], and Deka [39] suggest a limited 

impact of clay content on snail presence. These discrepan-

cies underscore the influence of geographical variations in 

defining soil types and compositions like soil nitrogen. For 

example, Tabo et al. [100] associated the influence of clay-

rich soils with compositions ranging from 2-61% and nitro-

gen level of 0.5-4.6gkg-1 across East Africa.  

Nonetheless, clay plays a significant role in shaping the dis-

tribution of IH snails, particularly Bulinus, by influencing 

soil texture, water retention, and drainage [113].  Further-

more, the robust relationship between soil nitrogen content 

and the distribution of Bulinus IH snails implies that even 

slight variations in soil nitrogen content can significantly af-

fect their distribution. This connection suggests that while 

snails typically thrive in aquatic environments, the presence 

of soil nitrogen levels in the surrounding terrestrial areas 

may influence the spread of Bulinus snails. Theoretically, 

increased soil nitrogen often correlates with a higher likeli-

hood of nitrogen leaching, potentially leading to elevated ni-

trogen levels in streams or floodplain habitats. Such condi-

tions could favor the survival and proliferation of these 

snails within their aquatic environments.  

Consequently, prioritizing considerations of soil type and ni-

trogen content becomes crucial when tailoring disease con-

trol strategies to diverse geographical settings [21,25]. How-

ever, elements such as carbon dioxide emissions from de-

composing submerged vegetation and organic matter, may 

indirectly impact relationships with other dissolved ions, in-

cluding that between nitrogen, oxygen and IH snails [115].  

5.1.4. Habitat suitability  

The ecological functionality depends on factors like sensi-

tivity to hydrology and physio-chemical parameters such as 

pH, oxygen, conductivity, surface water temperature, mag-

nesium, and calcium. Habitat depth, size, area, and Secchi 

depth are also crucial. They determine the occurrence and 

abundance of freshwater gastropods [22, 28, 29]. In Tabo et 

al. [13], among a diverse habitat parameters assessed, water 

conductivity emerged as a significant factor influencing Bu-

linus at individual crater lakes field scale, consistent with the 

majority of findings in the literature [29,116]. However, 

while oxygen plays a significant but relatively less critical 

role for Biomphalaria, it shows no significance for Bulinus 

in the same settings [13]. Nevertheless, the presence of other 

dissolved ions, such as high carbon dioxide emissions from 

decomposing submerged vegetation and organic matter, 

could indirectly influence relationships, such as that be-

tween oxygen and IH snails [115].  Furthermore, the sizes of 



14 
 

lakes and the seasonal variations in lake surface area serve 

as indicators of ecosystem stability. However, the majority 

of lakes in Western Uganda show minimal fluctuations over 

time. Even those that occasionally dry up have a lesser im-

pact only on the distribution of Bulinus snails in individual 

crater lakes fields [13]. 

5.1.5. Associated mollusk diversity 

The intricate ecological dynamics within freshwater ecosys-

tems extend beyond the primary hosts of schistosomiasis, 

encompassing a complex interplay involving potential com-

petitors e.g. Thiara granifera and Physella acuta 

[30,32,33,34], and predator’s e.g. crayfish, river prawns, and 

the water bug Sphaerodema urinator, and Sciomyzidae flies 

in their larval stage, along with several fish and crustacean 

species of IH snails[30,33,34]. Tabo et al. [13] uncovered a 

surprising discovery in Western Uganda, where a diverse 

mollusk fauna ecosystem was associated with a high likeli-

hood of encountering both Bulinus and Biomphalaria IH 

snails. This finding contradicts the anticipated heightened 

competition in environments with greater species diversity 

[102,117]. Despite expectations, the study identified the 

presence of pulmonates, known for their colonization abili-

ties, high productivity, and shorter generation times [105].  

Furthermore, IH snail species, including Biomphalaria su-

danica, Biomphalaria pfeifferi, Bulinus forskalii, Bulinus 

globosus, and Bulinus tropicus, coexisted in this region [16].  

Surprisingly, rather than a negative impact on IH snail sur-

vival, the positive correlation suggests that these snails 

thrive in environments conducive to mollusk diversity [13].  

Significantly, the field survey conducted in western Uganda 

uncovered the presence of empty shells alongside crayfish 

in specific habitats [16], hinting at potential predation de-

spite a strong positive correlation with mollusk diversity in 

the region [13]. These findings underscore the simultaneous 

interplay of competition and predation among IH snails, 

shaping their distribution patterns and increasing the likeli-

hood of displacement and extinction. 

5.1.6. Human activities  

Tabo et al. [100] found that human activities had a minor 

impact on Biomphalaria snail distribution, with human fac-

tors such as population density, land use, and infrastructure 

development playing a weaker role compared to other deter-

minants. However, Tabo et al. [13] study focusing on human 

settlement and land use in western Uganda did not identify 

human influence as a significant factor affecting IH snail 

distribution, in contrast to findings from studies like Olkeba 

et al. [114] and Krauth et al. [118] conducted at similar 

smaller geographical scales, which revealed a lesser signifi-

cance. This discrepancy may be attributed to the limited spa-

tial scope of the case study in Western Uganda, where many 

habitats are situated in protected areas like Queen Elizabeth 

Game Reserve, potentially limiting human activities and 

thus reducing their impact on snail distribution. Neverthe-

less, in the intricate network of human activities, the transfer 

of snails to different freshwater sources occurs through at-

tachments to fishnets, seedlings during transplanting, or 

boats, leading to complex consequences for macroinverte-

brate populations [38].  

5.1.7. Non-significant parameters  

Several predictor features exhibited minimal or negligible 

importance in influencing the distribution of Biomphalaria 

and/or Bulinus IH snails across different geographical 

scales. The parameters identified as having low relevance at 

a small geographical scale (Western Uganda) have been 

comprehensively discussed in Tabo et al. [13]. Similarly, 

those deemed of marginal significance at the regional level 

(East Africa) are categorized and extensively discussed in 

Tabo et al. [101]. 
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5.2. Likelihood of genus occurrence across 

geographical scales  

The simulated probabilities of genus occurrence, based on 

significant features identified across small and regional ex-

tents, revealed non-linear relationships for both Biompha-

laria and Bulinus IH snails. Overall, the likelihood of en-

countering Bulinus species is generally higher than that of 

Biomphalaria species across East Africa, as indicated by 

their probability values, suggesting a higher potential for S. 

haematobium prevalence [101], see figure 6. However, the 

opposite trend is observed in western Uganda, where there 

are higher chances of contracting S. mansoni [13].  Catego-

rizing extrinsic factors and understanding their relationships 

with IH snails are crucial for controlling their distribution 

and forming a strategic overview for successful schistoso-

miasis transmission at local and regional levels. However, 

the ultimate prevalence is also dependent on the interactions 

between the definitive human host population and Schisto-

soma parasite population in the life cycle [48,119].  There-

fore, incorporating the direct impact of key quantifiable pre-

dictors of IH snails, identified in objective (i), such as cli-

mate variability significant at the East African scale, and bi-

ological ecological dynamics, mollusk diversity (non-host 

competitor snails) as well as potential predators) at the local 

level in Western Uganda in mathematical models, is essen-

tial in understanding the transmission dynamics of the dis-

ease in East Africa and globally.  

5.3. Climate variability and the transmis-

sion dynamics of schistosomiasis 

The complex interplay between climate change and disease 

transmission dynamics is a global challenge [120]. Deci-

phering the complex dynamics of schistosomiasis transmis-

sion, particularly with changing global climate patterns, in-

volves understanding the relationship between climatic fac-

tors and  Schistosoma life cycle stages IH snail vector, para-

site eggs, miracidia, and cercaria parasites) displays sensi-

tivity to climatic changes [22,65,66,70]. Consequently, the 

divergent responses of hosts and parasites to temperature 

Figure 6. Likelihood of Biomphalaria species (1st panel) and Bulinus species occurrence (2nd and 3rd panels) in relation to the significant 

features identified by both importance metrics (MDA and MDG) in the Biomphalaria and Bulinus models across East Africa. Figure from 

Tabo et al. [101] 
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and/or rainfall fluctuations can either amplify/onset or di-

minish/offset the prevalence of the disease [121,122]. In 

specific tropical regions, including Tanzania, Kenya, 

Uganda, Rwanda, Burundi, and Eastern Zambia, climate 

changes may create favorable environments for intermediate 

hosts [70]. Mathematical models offer a framework to ex-

plore the direct impacts of climate change on these aspects 

of disease ecology [67,109,123]. Tabo et al. [109] formu-

lated a groundbreaking climate-dependent mechanistic 

model to predict outbreaks and offsets of schistosomiasis 

across East Africa over season and time.  The study reveal 

that the optimal conditions, (22-27°C and 50-160 mm) at-

tributed to higher snail recruitment rates (Figure 7a), poten-

tially by creating suitable breeding sites [124]. These condi-

tions are linked to increased schistosomiasis activity, fa-

vouring various host snail traits [61,65,66]. While  diverse 

conditions (27-33°C)  could potentially lead to decreased 

schistosomiasis activities, affect ing snail mortality, fecun-

dity, and growth rates [23, 109,110, 111]. Furthermore, the 

study reveals the frequencies and months of offsets and out-

breaks in East Africa (Figure 7b-d). For example, cases 

across the region tends to increase during February-April 

and October-November and reaching the lowest infection 

levels in July (Figure 5c). Furthermore, specific temperature 

Figure 7. Individual seasonal effects of temperature and/or rainfall on (a) snail recruitment rate, and (b), (c), and (d) reproduction 

numbers in Tanzania (blue), Kenya (red), and Uganda (black). Figure (b-d) from Tabo et al. [109]. 
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ranges (20-27ºC) and rainfall levels (5-140 mm) simultane-

ously heighten susceptibility to schistosomiasis. Surpris-

ingly, temperatures above 27ºC, which typically known to 

hinder transmission [23,66,110,111], can support disease 

development when accompanied by suitable precipitation 

[109]. Conversely, certain precipitation variations may not 

significantly affect temperature and could limit schistosomi-

asis development, resulting in fewer reported cases in spe-

cific regions [23,109,120]. Thus, in regions like East Africa 

characterized with climate patterns shift, alterations in envi-

ronmental conditions profoundly influence the distribution 

and abundance of IH snail, ultimately shaping the transmis-

sion dynamics of schistosomiasis.  Moreover, Tabo et al. 

[109] suggest potential disease expansion with increased 

cases linked to higher snail recruitment rates in 20 years to 

come in the region, aligning with earlier predictions of dis-

ease spread into cooler regions [70,121].  

Broadening the research scope, the complex, non-linear in-

fluence of temperatures on the Biomphalaria-Schistosoma 

mansoni [65] and Bulinus-Schistosoma haematobium sys-

tems [66] emphasizes the significance of climate variability 

for such schistosomiasis forms which share life cycle simi-

larities and exhibit distinct infection patterns based on tem-

perature susceptibility [48]. In their forthcoming study, Tabo 

et al. (2024, under revision) investigate the influence of tem-

perature control not only on the transmission of a single spe-

cies but also on the mutual interactions and co-infection dy-

namics of both species. Their findings suggest that S. hae-

matobium increases susceptibility to S. mansoni co-infec-

tions. This poses an additional challenge, given its associa-

tion with increased vulnerability to HIV infection [52, 125, 

126,127] and bladder cancer [128,129]. Furthermore, the in-

fection profile of S. mansoni demonstrates lower sensitivity 

to temperature changes, leading to fewer infection cases and 

a reduced risk of outbreaks compared to the infection profile 

of S. haematobium (Tabo et al., 2024, under revision).  This 

observation aligns with reports indicating a higher preva-

lence of S. haematobium in regions where both species co-

exist [130,131,132]. Both infections peak at moderate tem-

peratures (20-25°C), contrasting with higher temperatures 

(35°C). Additionally, the recovery rates of treated individu-

als peak at temperatures of 25°C and 35°C. Furthermore, 

Tabo et al. (2024, under revision) revealed that IHs, exhibit 

higher population growth and susceptibility to infection, es-

pecially below 25°C, with populations declining above this 

temperature threshold. We propose a targeted intervention 

strategy during seasons with intermediate temperatures 

around 25°C for both snails control and humans treatment. 

These study underscore the importance of incorporating 

temperature into predictive models in contrast to models ne-

glecting temperature's influence and suggesting no differ-

ence in Schistosoma transmissibility between S. mansoni 

and S. haematobium [133]. 

5.4. Effects of non-host competitor snails 

and predators of intermediate host snails 

In the pursuit of effective strategies for combating schisto-

somiasis, attention has turned to the fascinating realm of 

snail control [32,33,36,60,61]. Among these measures, the 

role of competitor snails and predators of IH snails emerges 

as a promising avenue for controlling IH snails and the 

spread of the disease. The competitive dynamics [30,32,33] 

and predation dynamics[30,33, 134] among snail species 

have been explored in field studies, shedding light on the 

potential of certain snail species to outcompete and prey on 

IH of schistosomes. While prior mathematical models stud-

ies have separately examined the intervention of competitor 

snails [135] and predators [96], except in the study by Tabo 

et al. [136] who simultaneously considered the impact of 

both non-host competitor snails and snail predators on the 

IH snails and the consequent disease prevalence.  

Importantly, specific combinations of competitive snail spe-

cies and effective predators, as highlighted by, can lead to a 

significant reduction in IH snail populations, signaling ef-

fective disease control [136]. However, intense competition 

and predation might result in complete IH snail population 

elimination, causing species displacement and local extinc-

tions [136]. These results complements a number of field 

studies, for example effects of aggressive predation and 

competitiveness leading to extinctions [30,33,34]. However, 

appropriate balances between competitive and predatory in-

teractions may disproportionately impact infected snails, 

contributing to a resilient ecosystem without species loss 

[136]. In an ecological dynamic with competition and pre-

dation processes, the vulnerability of infected snails, which 

are weaker and more immobile reducing their population 
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significantly, compared to healthy snails that tend to seek 

refuge near transmission sites [31, 137,138]. Field evidence 

from Pointier and McCullough [139] supports a decline in 

Biomphalaria glabrata due to competitors, Melanoides tu-

berculata and Thiara granifera, ultimately reducing schis-

tosome-human interactions, the reproduction number and 

disease prevalence. In support of this result, Madsen [31].  

In addition, overfishing reducing fish density in Lake Ma-

lawi increased schistosomiasis transmission. Furthermore, 

certain predators, like Marisa cornuarietis, may not effec-

tively reduce IH snail populations due to alternative food 

sources [31,140,141]. Thus, selective interventions utilizing 

competitors and predators tailored to susceptible snails offer 

cost-effective and eco-friendly methods for managing schis-

tosomiasis, backed by experimental assessments and popu-

lation models, presenting a nature-based and sustainable so-

lution for disease control. 

5.5. Adapting climate based-strategies for 

effective schistosomiasis prevention  

Today, there is a pressing need to evaluate and adapt cli-

mate-based strategies for effective schistosomiasis preven-

tion. Hence, the adaptation of schistosomiasis prevention 

strategies to climate dynamics necessitates a comprehen-

sive approach. Utilizing mathematical models is crucial for 

addressing schistosomiasis challenges amidst climate 

change. The effectiveness of various control strategies de-

picted in Figure 4, alongside mechanical measures (not ex-

plicitly represented in figure 4), such as physically hand-

picking snails, creating deep channels as dry barriers for 

snail movement, enhancing flow velocity in irrigation ca-

nals, and implementing suitable cultivation practices like 

shorter fallow periods, modified irrigation techniques, and 

controlled flooding, were assessed, by Tabo et al. [112]. 

The evaluation considered both individual and combined 

impacts. The findings emphasized that relying solely on 

standalone approaches is insufficient for the complete 

eradication of schistosomiasis as highlighted in Table 1. 

Notably, a four-tiered approach demonstrates superior ef-

fectiveness over individual or two or three-tiered strategies 

and can lead to the complete eradication of schistosomia-

sis, with conditions where the reproduction number 

𝑅0(𝑃, 𝑇, 𝑀, 𝐶) < 1 (Table 1). Additionally, a three-tiered 

strategy, denoted as (T,M,C), holds promise in reducing 𝑅0 

below 1. However, this can only be achieved when the ef-

ficacy of each individual control surpasses 90%, as indi-

cated in Table 1. Nevertheless, attaining a 90% effective-

ness level for each method presents practical challenges. 

The findings of Tabo et al. [112] align with previous re-

search by Mangal et al. [65], King and Bertsch [142], and 

Zacharia et al. [54], indicating that a comprehensive ap-

proach is necessary to address schistosomiasis effectively. 

Instead of relying solely on a single strategy, such as drug 

treatment, integrated strategies are essential for combating 

the disease.  Conversely, studies exploring the combination 

of chemotherapy with snail management have demon-

strated incomplete eradication [37, 65, 112]. However, 

amidst climate change, the intricate relationship between 

environmental temperature, chemical degradation, and the 

half-life of the chemical plays a crucial role in snail control 

[37,123,143,144, 145]. According to Tabo et al. [112], 

temperature significantly influences molluscicide perfor-

mance, with optimal efficacy observed at lower and mod-

erate temperatures, specifically in the range of 15-25ºC.  In 

the initial two weeks (14 days) of application, there is a 

notable increase in the chemical-induced mortality rate of 

snails, particularly cercariae and infected snails, and signi-

fying effective disease control. Experimental findings 

from Montanari et al. [146] further support the effective-

ness of molluscicides against adult snails, leading to re-

duced food intake and cessation of eating at temperatures 

of 18°C and 25ºC. 

However, regions with higher temperatures exhibit lower 

rates of induced mortality, rendering molluscicides less ef-

fective in reducing snail populations and free-living para-

site populations [109]. For example, as temperature and 

chemical exposure duration increase, snail mortality rates 

fall (Figure 8a) and may be linked to increased risks of dis-

ease transmission, which raises the 𝑅0 value (Figure 8b). 

It's crucial to remember that, while no effects on survival 

or feeding rate have been observed at 30 ºC, no snail life 

may exist at very high temperatures. Hence, this study ad-

vocates for regular reapplication to sustain effectiveness, 

highlighting the direct correlation between half-life and ac-

tive duration in water. This recommendation aligns with 
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ongoing research on suitable chemical development target-

ing IH snails [36,37,147]. However, the eradication of 

schistosomiasis presents challenges due to the high costs 

and ecological risks associated with chemical management 

[37], including aquatic biodiversity destruction and snail 

resistance, as well as limiting water use for communities. 

Alternatives with shorter half-lives (C. viminalis fruits or 

natural insecticides), lower toxicity (Nicotinanilide and 

Silver (Ag) nanopowder) offer reduced impact on biodi-

versity [37,148].  

 

Figure 8. Combined impact of chemical exposure duration in 

days and the temperature on (a) the induced death rate of inter-

mediate host snails and (b) the reproduction number 

6. Conclusion and Recommendations 

In conclusion, this thesis sheds light on the severe impact 

of schistosomiasis on impoverished rural communities in 

Sub-Saharan Africa, particularly in East Africa where the 

disease burden is highest. Despite failed efforts to eliminate 

schistosomiasis by 2020, ongoing research and surveil-

lance are crucial to refine strategies for meeting the re-

newed elimination goals by 2030, as outlined in the new 

WHO roadmap. The study has identified various drivers of 

schistosomiasis transmission, including climatic variabil-

ity, geographical factors, environmental/habitat suitability, 

biodiversity, and anthropogenic influences. Through data-

driven case studies and mathematical modeling, the re-

search has revealed distinct variations in the distribution of 

IH snails and the dynamics of schistosomiasis transmission 

across different geographic scales.  

Additionally, the study highlights the importance of tar-

geted prevention and control strategies, biological control 

measures, and proactive measures to mitigate the impact of 

the disease amidst climate change. Overall, this research 

contributes to a better understanding of IH snail community 

structure and the effectiveness of interventions, supporting 

evidence-based decision-making for schistosomiasis pre-

vention and management in East Africa.  

The study recommends a follow-up investigation at the 

East African level to estimate the geographic distribution 

of Biomphalaria and Bulinus genera, identify exposure risk 

zones, and quantify populations by risk level and country. 

The ecological environment is highly dynamic. What we 

observed yesterday may be different today. Therefore, reg-

ular field surveys and monitoring across East Africa, par-

ticularly in local hotspots, are essential for updating infor-

mation on IH snail community structures. For effective bi-

ological control, experimental screening of potential native 

snail competitors and predators is crucial. Future research 

should explore the contrast between climate-driven snail 

vector management and schistosomiasis control strategies, 

incorporating spatially explicit transmission models for en-

hanced predictions of disease persistence and spread. Vali-

dation of the model through application in schistosomiasis 

endemic regions and comparison with available epidemio-

logical data is an essential next step in advancing our un-

derstanding of the disease dynamics. 
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Schistosomiasis affects over 700 million people globally. 90% of the infected live in sub-
Saharan Africa, where the trematode species Schistosoma mansoni and S. haematobium
transmitted by intermediate hosts (IH) of the gastropod genera Biomphalaria and Bulinus
are the major cause of the human disease burden. Understanding the factors influencing
the distribution of the IH is vital towards the control of human schistosomiasis. We explored
the applicability of a machine learning algorithm, random forest, to determine significant
predictors of IH distribution and their variation across different geographic scales in crater
lakes in western Uganda. We found distinct variation in the potential controls of IH snail
distribution among the two snail genera as well as across different geographic scales. On
the larger scale, geography, diversity of the associated mollusk fauna and climate are
important predictors for the presence of Biomphalaria, whereas mollusk diversity, water
chemistry and geography mainly control the occurrence of Bulinus. Mollusk diversity and
geography are relevant for the presence of both genera combined. On the scale of an
individual crater lake field, Biomphalaria is solely controlled by geography, while mollusk
diversity is most relevant for the presence of Bulinus. Our study demonstrates the
importance of combining a comprehensive set of predictor variables, a method that
allows for variable selection and a differentiated assessment of different host genera and
geographic scale to reveal relevant predictors of distribution. The results of our study
contribute to making realistic predictions of IH snail distribution and schistosomiasis
prevalence and can help in supporting strategies towards controlling the disease.
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INTRODUCTION

Human schistosomiasis (bilharzia) is the second most important
tropical parasitic disease after malaria (World Health
Organization, 2016) and ranked the most important water-
borne disease (Steinmann et al., 2006). It poses a global
burden to humankind with over 700 million individuals in 78
countries at risk of infection, claiming over 200,000 lives annually
(World Health Organization, 2016). In addition, more than 240
million people are infected worldwide, predominantly in sub-
Saharan Africa (World Health Organization, 2016), where the
disease burden is up to 90% of the global infections due to poor
standards of living (Bergquist et al., 2017). Thus, schistosomiasis
is commonly referred to as “the disease of the poor”. Countries in
sub-Saharan Africa face a challenge of high population growth,
and most people live in rural or semi-rural settings associated
with poverty, poor sanitation and no access to clean water (Gray
et al., 2010; King, 2010; Payne and Fitchett, 2010). In such
geographical settings, people might continuously be in contact
with water contaminated with schistosome eggs (Stothard et al.,
2005), and a large part of the population is at risk of infection.

Despite schistosomiasis being one of the most prevalent
tropical diseases (Steinmann et al., 2006), it is also probably
the most neglected and was given little priority by the funding
bodies compared to HIV/AIDS, malaria and tuberculosis (Hotez
et al., 2007; Utzinger et al., 2009). Nevertheless, a recent growing
interest in neglected tropical diseases including schistosomiasis
has been observed over the last decade (World Health
Organization, 2012; Shiff, 2017; King et al., 2020).

So far, strategies to control the spread of the disease via the
provision of schistosomicides and/or WASH (water, sanitation,
hygiene) programmes have shown limited effectiveness, and were
consequently leading to disease re-emergences in spite of the
interventions (Gryseels and Polderman, 1991; Chitsulo et al.,
2000; Fenwick et al., 2009). Schistosomiasis is caused by
trematode worms of the genus Schistosoma being transmitted
through intermediate host (IH) snails. The reproductive cycle of
Schistosoma trematodes starts with parasitic eggs released into
freshwater through faeces and urine by infected humans.
Eventually, motile larvae called miracidia hatch from the eggs
and swim in search of snails to infect as intermediate host. The
parasite then reproduces asexually within the snail, before
shedding to the water as cercariae, larvae that penetrate the
skin of the human host to complete the cycle and eventually
cause the disease (Colley et al., 2014).

Sustainable vector snail control has been suggested as a more
reliable approach to the schistosomiasis problem (Gryseels et al.,
2006; Steinmann et al., 2006; Wang et al., 2008; Colley et al., 2014).
The control aims at interrupting the transmission and stopping the
spread of infection (Rollinson et al., 2013; Walz et al., 2015; Sokolow
et al., 2016), by interrupting the Schistosoma life cycle through
eliminating potential host snails from local habitats (King and
Bertsch, 2015). Yet, this approach relies on the availability of
high-quality snail distribution data, which represents a major
knowledge gap in most developing countries in sub-Saharan Africa.

In sub-Saharan Africa, Schistosomamansoni and S. haematobium
are the major cause of the human disease burden in Africa (Chitsulo

et al., 2000; Gryseels et al., 2006). Schistosoma mansoni is transmitted
by snails of the genus Biomphalaria (Planorbidae) and causes human
intestinal schistosomiasis. In contrast, S. haematobium is transmitted
by species of Bulinus (Bulinidae) and cause human urogenital
schistosomiasis (Wang et al., 2008; Colley et al., 2014).
Schistosoma mansoni and S. haematobium are mainly distributed
in and around a variety of freshwater habitats such as dams, lakes and
rivers (Brown, 1994; Steinmann et al., 2006; Appleton and Madsen,
2012). Bulinus species in particular can live in permanent or seasonal
pools, rice fields and ditches. In addition, there are several other
species of Schistosoma that are of significant veterinary importance
causing schistosomiasis in livestock. They are either hosted byBulinus
species (S. bovis) or selected species of the genus (S. magrebowiei)
(Standley et al., 2012).

Previous studies dealing with the factors that influence the
distribution of Schistosoma IH snails included water depth (Prah
and James, 1978; Utzinger and Tanner, 2000; Boelee and
Laamrani, 2004), altitude (John et al., 2008; Stanton et al.,
2017), temperature, precipitation, pH level, forest cover and
distance to nearest water bodies (Stensgaard et al., 2013), heat
waves, droughts and floods (McCreesh and Booth, 2013;
Pedersen et al., 2014), calcium and salinity (Hoverman et al.,
2011; Maes et al., 2021). Although the relationships with these
potential predictors have been examined and tested individually,
they were not quantitatively assessed for their combined
importance. The contribution of these factors to the
distribution of IH snails and the prevalence of schistosomiasis
accordingly across different regions is far from understood.

This study focuses on twomain goals: 1) to assess the significance
of extrinsic (geographical, hydrological, climatic, faunistic and
anthropogenic) factors for the distribution of intermediate IH
snails of the genera Bulinus and Biomphalaria, being the major
causes of human infections in Africa, 2) to test for differences of
potential predictors and their varying impact across different
geographical scales. To do so, we used a model system of 56
crater lakes in western Uganda that variably contain IH species
of the two genera, along with a diverse set of geographical, climatic,
hydrological, faunistic and anthropogenic parameters. We used a
machine learning approach (random forest, RF) to assess the
importance of the individual parameters and how they differ
across the study area. Considering the geographic variation of
population density (Gelorini et al., 2012; Hartter et al., 2012),
land use intensity (Hartter et al., 2015), and limnological
characteristics of the lakes (De Crop and Verschuren, 2019), we
hypothesize that a different set of parameters is relevant in the
different regions examined. Moreover, we expect that different
parameters control the distributions of the two genera, since they
do have different dispersal and drought resistance capacities (Brown,
1994).

MATERIALS AND METHODS

Study Area
The study area is located on the hilly uplands (>1,600 m a.s.l.) of
the Edward-George branch of the East African Rift valley in
western Uganda (Figure 1). It is bordered by the Rwenzori
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Mountain range in the North-West, Lake Albert in the North and
Queen Elizabeth National Park in the South. It contains over 90
small crater lakes, most of which formed between 4,000 and
10,000 years ago as a result of faulting and volcanic eruptions
(Vinogradov, 1980; Schumann et al., 2015). Lake Ntambi, which
formed c. 50,000 years ago is an exception, (Dirk Verschuren,
pers. comm.).

The crater lakes of western Uganda have been repeatedly
promoted as an ideal model system for studying large
environmental gradients in limnological characteristics in a
setting that allows meaningful comparisons due to shared
geological history (e.g. Melack, 1978; Mills and Ryves, 2012;

Saulnier-Talbot and Lavoie, 2018). The crater lakes region is
one of the most densely populated rural areas in sub-Saharan
Africa (Hartter et al., 2012), with a population growth rate of 3.3%
annually (Gelorini et al., 2012). The population growth is coupled
with increasing human impact through settlement, fishing,
agriculture on the fertile volcano soils, swimming and water
extraction for irrigation and domestic use. As a result of the
high population density, the prevalence of (human)
schistosomiasis in the region has dramatically increased
(Kabatereine et al., 2004; Kabatereine et al., 2006; John et al.,
2008; Stanton et al., 2017). In 2014, the crater lakes region covered
parts of the 73 out of 112 districts of Uganda with prevalence of

FIGURE 1 | Study area and occurrences of intermediate host (IH) snails. Three crater lake fields (CLF1–3) (B,D,E) in western Uganda (A) in Africa (C)were studied.
Symbols at sampled lakes indicate the presence of Biomphalaria (triangle), Bulinus (inverted triangle), and both genera combined (dark star), whereas lakes marked with
a small circle indicate localities where no IH snail was found.

Frontiers in Environmental Science | www.frontiersin.org April 2022 | Volume 10 | Article 8717353

Tabo et al. Distribution of Intermediate Host Snails

28



schistosomiasis (Loewenberg, 2014). Nationwide, four million
people are estimated to be infected and almost 20 million are at
risk of infection (Loewenberg, 2014). The only preventative
measures in the area are massive drug administration while
environmental transmission interruption is rarely emphasized
(Loewenberg, 2014).

Melack (1978) classified the region into four crater lake fields
(CLFs, Figure 1). The Ndali-Kasenda field is locatedin the central
part of the region, ~20 km from Fort Portal field in the North and
~65 km from Bunyaruguru field in the South. The fourth field of
Katwe-Kikorongo contains lakes with saline waters (Rumes et al.,
2011), unsuitable for mollusks (Tumwebaze et al., 2019).

Our dataset combines information from a total of 56 crater
lakes in the three fields, including 32 lakes of the Ndali-Kasenda
field (CLF 1), six lakes of the Fort Portal field (CLF 2) and 18 lakes
of the Bunyaruguru field (CLF three; see Supplementary
Table S1).

Data Collection
Malacological Field Data
Snails were sampled across the three regions in random months
between 2010 and 2019 to account for a range of weather
conditions, but mostly in dry seasons at normal or low water
levels between 2010 and 2019 (Figure 1). Field work periods were
aligned to times when highest population densities of the
intermediate host snails were expected. Confounding effects by
flooding and restricted accessibility during rainy seasons were
avoided. Due to the steep and slippery escarpments of the crater
lakes, sampling in the wet season was also avoided. Sampling
methods involved dredging and/or scoop netting up to a
maximum depth of 1.5 m or hand-picking snails found
attached to shoreline vegetation and any solid substrates. The
sampling time per lake was 40 min, and snails were collected in
one to two localities (depending on the size of the respective lake).
In some cases, lakes were visited more than once to ensure
comprehensive representation of the local fauna. At each
locality, we identified and counted the IH snails as well as the
associated mollusk fauna on the genus level. The survey also
revealed the presence of seven other non-host snail genera (Radix,
Gabbiella, Pila, Melanoides, Segmentorbis, Afrogyrorbis and
Gyraulus) as well as the bivalve genus Sphaerium.

Climatic and Environmental Data
We included air temperature and precipitation as proxies,
because they have previously been shown to influence the
distribution of freshwater mollusks (e.g., Hauffe et al., 2016a;
Georgopoulou et al., 2016) and particularly those of IH snails
(Appleton, 1978; Rowel et al., 2015). Specifically, temperature
influences the survival and reproduction rates of snails (Paull and
Johnson, 2011; McCreesh et al., 2014; Kalinda et al., 2017).
Precipitation is associated with organic matter input and
nutrient supply, which affects snail growth and fecundity
(Madsen et al., 1987; Camara et al., 2012; Nyström Sandman
et al., 2013). We retrieved the climatic data (averaged for the
period 1970–2000) from the WorldClim two global database
(Fick and Hijmans, 2017). We used mean annual temperature
(BIO1), temperature of warmest month (BIO5), temperature of

the coldest month (BIO6), annual precipitation (BIO12),
precipitation of the wettest month (BIO13) and precipitation
of the driest month (BIO14) to account for potential selectivity of
the IH snail species to climatic fluctuations. Since the different
temperature and precipitation parameters showed a similar range
of variation, we calculated principal component analyses and
used the first principal component for each of the two sets.

Water chemistry also plays a vital role for the occurrence and
abundance of freshwater gastropods. This concerns pH, oxygen,
conductivity, surface water temperature, magnesium and calcium
(Rumes et al., 2011; Marie et al., 2015; Mahmoud et al., 2019;
Alhassan et al., 2020; Olkeba et al., 2020). Surface water
temperature, dissolved oxygen, pH and conductivity were
measured using a handheld multi-meter probe. Calcium and
magnesium data were retrieved from Rumes et al. (2011) and
Nankabirwa et al. (2019).

Previous studies have shown the relevance of depth (both
absolute lake depth and Secchi depth, i.e., a measure of water
transparency) for the occurrence of both Bulinus and
Biomphalaria. Absolute depth was retrieved from De Crop
and Verschuren (2019), and water transparency (i.e., Secchi
depth) was measured at the sampling points using a Secchi disk.

The crater lakes are characterized by seasonal fluctuations in
water levels, and some lakes occasionally dry out (e.g., Lake
Mirambi and Lake Kibungo). We included lake surface area
and surface area variance over time as parameters in this
study. The lake surface area was retrieved from satellite images
fromGoogle Earth Pro v. 7.3 taken in 2019. The lake area variance
was calculated as the variance of four time slots of lake surface
areas traced from satellite images taken in 2003, 2008, 2013 and
2018. Information for a few satellite images was missing, because
either some lakes dried out or no records were captured in Google
Earth. In such cases, we used the image of the closest time prior or
after a given time slot to retrieve lake surface area.

Geographical Data
Longitude and latitude of the sampling sites were included as
variables to account for potential variation in the geographical
distribution of the IH snails. Altitude has been also proved
relevant in the occurrence of snail hosts (John et al., 2008;
Stanton et al., 2017) and was therefore considered in our
study. Longitude, latitude and altitude were measured with a
handheld Garmin GPS eTrex 20 device.

We used two measures for geographical distance to serve as
proxies of biogeographical isolation, which might impact
colonization and thus the IH presence in the area: 1) distance
from a crater lake to the nearest other crater lake, and 2) distance
from a crater lake to the nearest larger lake in the surrounding
(i.e., lakes Victoria, Edward, Albert and George; Figure 1). All
distances were measured “as the crow flies” in Google Earth.

Human Impact
To obtain a measure of human impact, we distinguished and
quantified the proportion of land use. Since no data are available
from online databases, we used the total percentage of cultivatable
fields (cropland, fallow land and plantations) as a proxy and
visualized a square of 0.0625 km2 (0.25 × 0.25 km) around each
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crater lake in Google Earth (centered around the lake centroid).
Final percentages were arcsine/square-root transformed
according to Warton and Hui (2011) to limit the influence of
outliers.

Additionally, the number of people living in the surroundings
of a lake directly relates to the risk of schistosomiasis infection.
Due to the lack of population census records in the region, we
counted the number of houses in a standardized area of 0.25 km2

(0.5 × 0.5 km) around each lake using satellite images from
Google Earth taken in 2019 as a measure of population density.

A total of 20 predictor variables belonging to five categories were
used in our study, 15 of which were retrieved in the course of the
present survey, two were obtained from online databases and three
were taken from the literature (Table 1, Supplementary Table S1).

Data Analysis
We applied a machine learning approach, i.e., random forest (RF;
Breiman, 2001), to assess the combined impact of the chosen set
of predictors on the distribution of IH snails. Machine learning
approaches, and particularly RFs, have gained prominence in
classification and regression analyses across various fields of
science in recent years (e.g., Huang and Boutros, 2016; Pang
et al., 2017; Schonlau and Zou, 2020; Collin et al., 2021;
Georganos et al., 2021; Ruiz-Aĺvarez et al., 2021). In
classification problems, RFs have been demonstrated to give
more accurate predictions than other approaches, such as
logistic regression (Boulesteix et al., 2012; Bunyamin and
Tunys, 2016; Couronné et al., 2018; Xia et al., 2019; Zhang
et al., 2020). Since it is a non-parametric technique, the RF
algorithm is not affected by multicollinearity among the
predictor variables (Boonprong et al., 2018), which is a
common problem in ecology. Also, many RF software
packages come with convenient solutions to deal with missing
values (Brieuc et al., 2018).

We conducted separate RF analyses to variably predict the
presence of Bulinus, Biomphalaria and both genera combined. To
assess variation of the potential predictors across different
geographical scales, at a larger geographical extent, we ran
analyses for the overall and complete dataset combining data
from all the three crater lake fields. On the scale of individual
crater lakes regions, we ran analyses for two subsets of CLF 1 and
CLF 3. The analysis for Fort Portal field (CLF 2 subset) was not
performed because it contains only six lakes. All analyses were
done in the R statistical environment v. 4.0.3 (R Core Team,
2020), using the packages randomForest v. 4.6-14 (Liaw and
Wiener, 2002), rfUtilities v. 2.1-5 (Evans and Murphy, 2019) and
rfPermute v. 2.1.81 (Archer, 2020).

We performed imputation to fill missing data prior to further
data analyses, using the function “rfImpute” in the package
randomForest, which uses the RF algorithm to obtain
weighted averages of the available observations. This was done
for the predictors; calcium, magnesium and water depth, for
which no data were available for 18, 16 and 16 lakes, respectively.
Overall, missing data added up 4.7%. The “rfPermute” algorithm
was used to assess variable importance in each RF model via
permutation. The algorithm creates decision trees from the
original dataset by random sampling of rows (i.e., lakes)
without replacement. At each node, two-thirds of the rows are
taken as training data to create the model, the remaining one-
third is taken as so-called out-of-bag (OOB) sample and is used to
make predictions and test for the performance of the model
(Breiman, 1996; Breiman, 2001). Variables were permuted
100 times over 1,000 decision trees.

Model performance was additionally assessed via cross
validation. This approach was chosen over the standard
train–test data procedure because of the comparably low
number of lakes in the dataset. Cross validation is a
commonly used resampling method to assess the

TABLE 1 | Predictor variables used in this study. Note that temperature and precipitation each represent the first principal component calculated from three climate
parameters; see text for details. Sources: 1—Rumes et al. (2011), 2—Nankabirwa et al. (2019), 3—De Crop and Verschuren (2019), 4—Fick and Hijmans (2017).

Category Predictor variables Sources

Fauna Species richness of associated mollusk fauna This study
Environment/hydrology Surface water temperature (°C) This study

Water pH This study
Dissolved oxygen (mg/L) This study
Electric conductivity (µS/cm) This study
Magnesium concentration (mg/L) 1, 2
Calcium concentration (mg/L) 1, 2
Secchi depth (m) This study
Lake depth (m) 3
Lake surface area (km2) This study
Lake area variance This study

Climate Temperature (°C) 4
Precipitation (mm) 4

Geography Longitude (°E) This study
Latitude (°N) This study
Altitude (m a.s.l.) This study
Distance to the nearest crater lake (km) This study
Distance to the nearest large lake (km) This study

Human impact Land use (% of area) This study
Population density (number of houses) This study
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generalization potential of a model and to avoid overfitting
(Berrar, 2019). We report here the kappa coefficient K, which
determines the model’s predictive accuracy, i.e., it gives the
percentage of the data that is in agreement with the model
(and is thus the opposite of the validation error). We adopted
the suggestion of Viera and Garrett (2005), who regarded kappa
values of 0.81-1 as excellent and 0.61–0.80 as substantial
agreement, to evaluate our model performances.

The relevance of individual parameters to the overall RF
models was assessed using two importance metrics, i.e., the
mean decrease in accuracy (MDA) and the mean decrease
Gini (MDG) (Calle and Urrea, 2011; Huang and Boutros,
2016). Due to discrepancies in ranking results between MDA
and MDG, the results of a single metric are not completely
exhaustive (Strobl et al., 2007; Liu et al., 2011). Therefore, we
included both metrics but discussed in detail only those
parameters that are found significant by both MDA and
MDG. We used partial dependence plots to visualize the
relationships and marginal effects of individual predictor
variables (Friedman, 2001; Evans et al., 2011).

RESULTS

Models converged and were stable across all datasets, with those
for Biomphalaria always performing better than those for Bulinus
or both genera combined (Supplementary Figure S1). The RF
models resulted in excellent to substantial classification successes
for the presences of Biomphalaria and Bulinus in relation to the
chosen set of predictor variables (Table 2). Classification errors
were generally higher for false negatives compared to false
positives, which is probably a result of the low number of
absences in all datasets. Nonetheless, the cross validation
showed that the classification agreements ranged from
substantial (CLF subsets) to excellent (total dataset; Table 2).

For the overall and complete dataset, geographical, water
chemistry and biotic parameters were the most important
predictors, but their relative importance and contributions
varied across the three RF models, i.e., Biomphalaria vs.
Bulinus vs. both genera combined (Figure 2). The distribution
of Biomphalaria was mainly controlled by latitude, longitude,
diversity of the associated mollusk fauna and distance to large

lake, as well as by precipitation to some extent; oxygen was only
found significant by MDA. For Bulinus, the diversity of the
associated mollusk fauna, water conductivity and latitude were
most important, whereas only MDG identified altitude as a
significant predictor. For the combined model, the diversity of
the associated mollusk fauna, latitude, longitude and distance to
large lake were found relevant. Distance to the next crater lake,
magnesium and calcium played a minor role and were only found
significant by MDA. Other predictors such as human impact,
water pH, surface area and temperature had very little effect and
were not significantly impacting the IH species distribution in the
region (Figure 2).

A different set of parameters was found to be important for the
presence of IH snails in individual crater lake fields. For CLF 1, the
distance to the next crater lake was the sole important parameter for
the distribution of Biomphalaria (Supplementary Figure S2). In
turn, the diversity of the associated mollusk fauna seemed to be the
most relevant factor shaping the distribution of Bulinus, in addition
to distance to the next large lake and lake surface area (MDA only).
The co-existence of both genera was controlled by the diversity of the
associated mollusk fauna and distance from the next crater lake
(Supplementary Figure S2). The model for CLF three yielded
comparably high error rates, concerning both overall errors as
well as classification errors for presences and absences (Table 2).
Consequently, any association found for CLF 3 with individual
parameters is unreliable and will not be discussed further.

The predicted probabilities for the occurrence of IH snails show
non-linear relationships with individual predictor variables, with a
generally positive trend being apparent in many cases (Figure 3). For
Biomphalaria, the predicted probabilities of its occurrence increases
with a rise in latitude, longitude, distance to the large lake (with a
slight increase at the end), diversity of the associated mollusk fauna
and precipitation. Increasing mollusk diversity also links with an
increased probability to encounter Bulinus. The parameter
conductivity shows a more complex relationship, featuring a steep
probability increase up to ~400 μS/cm followed by a weakly, more or
less gradually declining trend towards higher values (Figure 3). For
both genera combined, similar positive trends are revealed for the
relationship with the diversity of the associated mollusk fauna,
latitude and longitude. The association with distance to the
nearest large lake is more complex but indicates an increasing
probability to encounter both genera above a distance of ~35 km.

TABLE 2 | Error rates and results of cross validation for all runs of the random forest (RF) models. Validation agreement was evaluated in accordance with Viera and Garrett
(2005). The co-existence model for CLF three had insufficient data and is not included here. OOB, out-of-bag error.

Dataset RF model Error rates Cross validation

OOB error Error presence Error absence Kappa coefficient
K

Validation error Validation agreement

Complete dataset Biomphalaria 0.143 0.111 0.200 0.911 0.089 excellent
Bulinus 0.250 0.111 0.500 0.956 0.044 excellent
Co-existence 0.179 0.148 0.207 0.919 0.081 excellent

Ndali-Kasenda (CLF 1) Biomphalaria 0.063 0.000 0.500 0.633 0.367 substantial
Bulinus 0.188 0.037 1.000 0.800 0.200 substantial
Co-existence 0.188 0.040 0.714 0.633 0.367 substantial

Bunyaruguru (CLF 3) Biomphalaria 0.222 1.000 0.067 0.633 0.367 substantial
Bulinus 0.556 0.750 0.400 0.800 0.200 substantial
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DISCUSSION

Understanding the factors influencing the distribution of snails
acting as IH for Schistosoma is crucial for the control of human
schistosomiasis. In this study, we explored the applicability of a
machine learning algorithm to determine significant predictors

of IH distribution and whether they differ among different
Ugandan crater lakes. We found distinct variation in the
potential controls of IH snail distribution. A different set of
parameters is found to influence the distribution of the different
genera and across different geographical scales. On the larger
scale, geography, diversity of the associated mollusk fauna and

FIGURE 2 | Importance scores of predictor variables for Biomphalaria (upper panels), Bulinus (middle panels) and both genera combined (lower panels) for the
complete dataset. The green bars indicate the significant predictors as determined via permutation tests. See Supplementary Figure S2 for the importance scores of
the subset CLF 1.
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climate are important predictors for the presence of
Biomphalaria, whereas mollusk diversity and water chemistry
control the occurrence of Bulinus. Finally, mollusk diversity and
geography are relevant for the presence of both genera. On the
scale of an individual crater lake field (CLF1) geography (yet with
a different variable) and mollusk diversity are relevant for the
presence of Bulinus and both genera while Biomphalaria is solely
controlled by geography. These results confirm our hypothesis
that a different set of parameters is relevant on different
geographical scales.

In the following sections, we discuss the relationships
between IH snail occurrence and individual factors and
groups of factors (geography, hydrology/water chemistry,
climate, biotic and human impact) in an ecological context.
Specifically, we discuss the distribution of the two genera with
respect to metacommunity assembly processes, i.e., dispersal
limitation, environmental filtering and biotic interactions,
which limit the successful establishment of species in an

ecosystem (see, e.g., Hauffe et al., 2016b for another
freshwater gastropod example).

Geography: A Driver on Various Spatial
Scales
Geographical variables were found to be among the most important
controls for IH snail distribution, but the individual parameters
depend on the scale of observation and the taxon in question.
Latitude, longitude and distance to the nearest large lake are relevant
for the occurrence of Biomphalaria as well as both genera combined.
In contrast, Bulinus is much less influenced by geographical
variables. Although latitude and altitude were identified
significant, no positive relationship was found for the first
(Figure 3), whereas the latter was of comparatively low
importance (Figure 2). A similar trend is found in the Ndali-
Kasenda crater lake field (CLF 1), where the distribution of
Biomphalaria is strongly shaped by the distance to the nearest

FIGURE 3 | Predicted probabilities for the presence of Biomphalaria (upper panels), Bulinus (middle panels) and both genera combined (lower panels) in relation to
selected predictor variables from each dataset. Only the contributors that were found significant by both importance metrics (MDA and MDG) for the entire dataset are
shown (compare Figure 2; see Supplementary Figures S3–S8 for the remaining predictors as well as for the predicted probabilities for CLF 1). The asterisk denotes
scaled parameters, i.e., the x-axis does not denote the original extent of the variable.
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crater lake, whereas the presence of Bulinus is mostly related to the
diversity of the associated mollusk fauna (Supplementary
Figure S2).

The strong positive relationship between the presence of
Biomphalaria and latitude as well as longitude reflects the
uneven occurrence of the genus across the study area
(Figure 1). Particularly the rarity of the genus in the
Bunyaruguru crater lake field (CLF 3) indicates that dispersal
limitations and/or environmental filtering (e.g., Hauffe et al.,
2016b) might constrain its distribution.

The generally positive association between the occurrence of
Biomphalaria and distance to the nearest large lake is surprising
at first, considering that distance is related to biogeographical
isolation and colonization potential (Covich, 2010). Generally,
these snails have a high passive dispersal capacity, a high
reproduction rate and short generation times (Brown 1994). This
combination is pronounced particularly in pulmonate snails such as
Biomphalaria and makes them prime colonizers (Kappes and Haase,
2012; Kappes et al., 2014). The crater lakes are hydrologically
disconnected, the possible longitudinal dispersal means are natural
vectors such as birds (Kappes andHaase, 2012) and humans, through
the attachment to fishing nets and/or boats.

A possible explanation for the positive association with
distance concerns the taxonomic resolution. Here, we
investigated the presence of genera, which may overprint
patterns of dispersal and colonization of individual species of
Bulinus and Biomphalaria. Also, Euclidean shore-to-shore
distances might not reflect real dispersal means or pathways,
because hydrological connectivity varies considerably between
the large lakes and the crater lake fields. For example, the Fort
Portal field (CLF 2) is connected to the Lake George–Lake
Edward system via the Mpanga River but not to the
geographically closer Lake Albert. The pattern may also
results from choosing only four major lakes but disregarding
smaller ones and river systems. Finally, in colonization
processes, stochastic components might play an important
role. For instance, regular episodes of shifting mixing regimes
in some crater lakes (De Crop and Verschuren, 2021) could lead
to low dissolved oxygen and consequently to the demise of most
aquatic life. Based on genetic relationships of Bulinus, a previous
study suggested that the large lakes acted as potential sources for
(re)-colonization of the crater lakes (Tumwebaze et al., 2019), a
scenario that cannot be tested here given the lack of genetic data.
Fast re-appearance or aestivation in fluctuating environments is
an intrinsic ecological feature of many Bulinus species,
including the ones found in the study area (Watson, 1958;
Brown, 1994). As such, the colonization and re-colonization
patterns might be more complex and faster than previously
anticipated.

Altitude was found to have limited influence on the distribution
of IH snails. Several previous studies have indicated a shift in recent
years of intestinal human schistosomiasis transmission towards
higher altitudes (Kabatereine et al., 2004; John et al., 2008;
Stanton et al., 2017). This is also supported by our findings
showing that IH snails occur up to approx. 1,600m a.s.l., and
thus considerably higher than the previously presumed threshold
of 1,400m a.s.l. (Kabatereine et al., 2004). Future studies will have to

establish an upper limit for both forms of schistosomiasis, because
both IH snail genera have been found at altitudes above 2,000 m a.s.l.
in Uganda (Stanton et al., 2017, unpubl. data).

Associated Mollusk Diversity
A strong control for the distribution of both Bulinus and
Biomphalaria is the diversity of the associated mollusk fauna.
The strong positive relationships in all three models (Figure 3)
indicate that both genera are more likely encountered in generally
diverse systems. One may expect the opposite, that a higher
number of species (especially in a small crater lake) results in
higher competition (e.g. Svanbäck and Bolnick, 2007; Hauffe
et al., 2016b) and thus a lower chance of successful establishment.
Instead, the positive association with diversity indicates that the
IH snail genera are present in environments that provide
favorable conditions for mollusks generally.

The associated mollusk fauna consists predominantly of
pulmonates (Radix natalensis and several species of planorbids
other than Biomphalaria), which are good colonizers in general
and are characterized by a high productivity and shorter generation
times (Kappes et al., 2014). Malacological surveys showed the
presence of Biomphalaria sudanica, Biomphalaria pfeifferi,
Bulinus forskalii, Bulinus globosus, and Bulinus tropicus
(Tumwebaze et al., 2019; Tumwebaze et al., unpubl. data). All
Biomphalaria species in the region are regarded susceptible to S.
mansoni. Only B. forskalii and B. globosus were identified as host
species for human schistosomes and the majority of Bulinus in the
crater lakes region were B. tropicus, which is an important IH snail
for livestock schistosomes. The non-pulmonate species are common
and widespread regional species with no particular ecological
requirements (Brown, 1994). More specialized taxa such as
Bellamya or Cleopatra or unionid bivalves were not found in the
crater lakes. The mollusk association in the crater lakes could still be
seen as depauperate. The most obvious variation in habitat
conditions and thus potentially determining mollusk associations
is in the limnological characteristics of the crater lakes. Although we
gathered a variety of different parameters concerning water
chemistry and climatic conditions, the associations with
individual parameters do not allow drawing a multifactorial
picture. Moreover, the parameters measured for each crater lake
do not cover seasonal variability (except for climate and lake area
variation).

Hydrology and Water Chemistry
Only selected hydrochemical variables had an influence on the
distribution of IH snails in our study region. Water conductivity
was a significant driver across the entire study region and in CLF one
for Bulinus. For Biomphalaria, oxygen was found a significant driver
by onemetric (MDA), but its relative importance was low (Figure 2).
Similarly, MDA found the presence of both genera linked to
magnesium and calcium, but again with low importance values.

Water conductivity determines the ionic strength of the
concentration of dissolved solids including calcium and
magnesium (Cormier et al., 2013). An expanding distribution
with increasing conductivity was also suggested by Camara et al.
(2012). This might reflect the presence of dissolved ions (e.g.,
calcium), which stimulate shell development for snail species
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(Dillon, 2000; see also below). The non-linear relationship with a
sharp increase around ~400 μS/cm followed by a nearly steady
but weak decline indicates that a certain threshold must be met to
allow the establishment of Bulinus in a lake. Higher electric
conductivity is, in turn, less favorable. Conductivity as a
complex factor integrating several chemical components has
been identified as a determinant for Bulinus mortality and
thus poses an important constraint on its occurrence (Brown,
1994; Marie et al., 2015).

The predicted probabilities for the presence of both genera in
relation to magnesium and calcium concentrations, which were,
however, only found significant by one importance metric
(MDA), demonstrate that a certain threshold must be
surpassed in both factors to promote the establishment of IH
snails. Especially the relationship with calcium is not surprising,
considering that a low concentration would constrain snail
growth, fecundity, survival rate and reproduction, which, in
turn, limit snail distribution (Dillon, 2000; Brodersen and
Madsen, 2003). The concentration of calcium and magnesium
and their ratio in the water both affect the presence and life cycle
performances in southern African streams with thresholds at the
lower and higher ends of concentrations (Brown, 1994).

Climate
Climatic factors seem to have surprisingly little effect on the
distribution of IH snails in Ugandan crater lakes. Precipitation
was found a significant but rather weak predictor in the model
with Biomphalaria, whereas air and water temperature do not
appear influential. Generally, climatic conditions and climate
change are known to be important predictors for mollusk
species distribution on larger geographical scales
(Marcogliese, 2008; Stensgaard et al., 2019) and were also
found to be relevant for IH snails. Temperature influences
the survival and reproduction rates of the snails (Paull and
Johnson, 2011; McCreesh et al., 2014; Kalinda et al., 2017).
Higher rainfall causes more runoff into freshwater ecosystems
increasing the supply of organic matter serving as food for the
snails, which, in turn, promotes growth and fecundity (Madsen
et al., 1987; Camara et al., 2012; Nyström Sandman et al., 2013;
but see also discussion in David et al., 2018 for opposite
associations). This may also explain the relationship with
precipitation in our case. However, the lack of a (strong)
association in our models is likely owed to the constrained
geographical scale of our observations. The crater lakes are
located in the same climatic zone in western Uganda, which is
why precipitation and air temperature vary only little across
the study region. Whereas air temperature seems to be
irrelevant on that scale, the relationship with precipitation
indicates that even small variations might have a significant
impact on the IH snail distribution.

Non-Significant Drivers
A series of parameters was found to be non-significant in any of
our models. Here, we briefly discuss the potential reasons for
these findings, especially in the light of conflicting results
reported in the literature. In contrast, previous studies found
relationships between the distribution of Biomphalaria and water

pH, whereas both oxygen and water pH have been suggested to
determine the occurrence of Bulinus (Yirenya-Tawiah et al., 2011;
Stensgaard et al., 2013; Marie et al., 2015; Mahmoud et al., 2019;
Alhassan et al., 2020). However, no such influences were noticed
despite of the influential factors of high oxygen concentration and
water pH of the lakes studied (Supplementary Table S1).
Possibly, the high carbon dioxide emission from decomposing
submerged vegetation and organic matter, together with the
presence of other dissolved ions could have indirectly affected
such relationships (Tchakonté et al., 2014). Lake area variation,
being a measure of ecosystem stability, seems also of little
importance. Apparently, most of the lakes show minimal
fluctuations through time, and the few that occasionally dry
up could not influence the distribution or recolonization,
which is facilitated by the short distances between the crater
lakes. The mollusk associations of mostly opportunistic species
found is also supporting this interpretation (see above).

Human impact, quantified by both land use and population
density around the crater lakes, has apparently no impact on
snail distribution. This result is rather unexpected, because
humans are often involved in introduction of snails into new
environments as passive dispersal vectors (Kappes and Haase,
2012). In the Ugandan crater lake fields, extensive
anthropogenic activities (e.g., multipurpose water fetching,
watering for livestock, littering and pollution) are limited to
lower, relatively flat and thus more easily accessible shores of
most of the crater lakes. As such, one may have expected an
impact on snail occurrences. Moreover, only about 26% of the
crater lakes are located in national parks (Queen Elizabeth NP
and Kibale NP), thus three-quarter of the lakes are accessible
and utilizable by humans. Despite these constraints, some
reserves and parks like Kibale NP increasingly face
migration of settlers and extensive cultivation (Hartter
et al., 2015). Perhaps the prevailing population pressure
affects the prevalence of infected snails, but it does not
influence their presence in general. Follow-up studies
should focus specifically on this aspect for mollusks
communities and the prevalence of schistosomiasis.
Interestingly, in other non-gastropod taxa such as
cladocerans (Rumes et al., 2011) and fungi communities
(Gelorini et al., 2012), negative effects of land use change
and anthropogenic pressure have already been demonstrated
for the crater lakes region. With increasing human activities in
the Ugandan crater lakes region (including tourism), we expect
further changes in biological communities of the lakes as well
as increasing cases of human schistosomiasis among both local
communities and visiting travelers (Lachish et al., 2013) in the
near future.

Methodological Implications and
Limitations
Despite the numerous advantages machine learning approaches
like RFs offer, one disadvantage concerns the non-linearity of the
approach, resulting in a limited prediction power outside the data
range. Therefore, we cannot extrapolate our findings to other
datasets or regions. Furthermore, small datasets (e.g. CLF 2,
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Biomphalaria subset with CLF3), decisively limit RF classification
due to insufficient data. Optimally, future studies need to include
data from a larger geographical scale, involving a greater variation
in the ranges of predictor variables, to provide more general
predictions for the controls of IH snail distributions. Using
machine-learning algorithms like RFs on a comprehensive
dataset will eventually facilitate more general conclusions
about the importance of individual predictors (or sets of
predictors) for the presence of IH snails. Future studies may
focus on applying this approach to map infection risk areas,
especially in comparison to areas with actual prevalence records
and those where preventative measures are in place.

CONCLUSION

The results indicate that Biomphalaria is mainly controlled by
geography, associated mollusk diversity and climate, while
fauna, hydrology and to some extent geography controlled
the presence of Bulinus. Geography (Biomphalaria) and
mollusk diversity (Bulinus) were the only significant
predictors on the scale of an individual crater lake field.
The intricate relationship between IH snail distribution and
geography likely reflects dispersal limitations and/or
environmental filtering on the hand and a complex pattern
of (re-)colonization on the other hand. The positive
association with the diversity of accompanying mollusks, as
well as the relationship with water conductivity, indicates that
IH snails are common in ecosystems offering favorable
conditions for mollusks in general.

Our machine learning approach helped disentangling relevant
factors in IH snail distribution. The results of this study provide
baseline data that assist future research towards controlling
schistosomiasis.
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A machine learning approach 
for modeling the occurrence 
of the major intermediate hosts 
for schistosomiasis in East Africa
Zadoki Tabo 1,2*, Lutz Breuer 2,3, Codalli Fabia 2, Gorata Samuel 2,4 & Christian Albrecht 1

Schistosomiasis, a prevalent water-borne disease second only to malaria, significantly impacts 
impoverished rural communities, primarily in Sub-Saharan Africa where over 90% of the severely 
affected population resides. The disease, majorly caused by Schistosoma mansoni and S. haematobium 
parasites, relies on freshwater snails, specifically Biomphalaria and Bulinus species, as crucial 
intermediate host (IH) snails. Targeted snail control is advisable, however, there is still limited 
knowledge about the community structure of the two genera especially in East Africa. Utilizing a 
machine learning approach, we employed random forest to identify key features influencing the 
distribution of both IH snails in this region. Our results reveal geography and climate as primary 
factors for Biomphalaria, while Bulinus occurrence is additionally influenced by soil clay content 
and nitrogen concentration. Favorable climate conditions indicate a high prevalence of IHs in East 
Africa, while the intricate connection with geography might signify either dispersal limitations or 
environmental filtering. Predicted probabilities demonstrate non-linear patterns, with Bulinus being 
more likely to occur than Biomphalaria in the region. This study provides foundational framework 
insights for targeted schistosomiasis prevention and control strategies in the region, assisting health 
workers and policymakers in their efforts.

Keywords  Freshwater snails, Schistosomiasis, Predictor features, Random forest, Sub-Saharan Africa

A large number of neglected tropical diseases (NTD) in sub-Saharan Africa account for approximately 200,000 
deaths annually as well as 57 million lost life-years1.The most significant of these diseases, schistosomiasis, is the 
second most prevalent parasitic disease only after malaria in several sub-Saharan African countries1,2, severely 
affecting low-income rural communities with poor sanitation3. Schistosomiasis negatively impacts child develop-
ment, pregnancy outcomes, and agricultural productivity, perpetuating poverty for millions of Africans1,3,4. In 
spite of only making up 13% of the global population, sub-Saharan Africa accounted for 90% of schistosomiasis 
cases5.

Human schistosomiasis is caused by species of schistosome trematode worms: Schistosoma mansoni, S. hae-
matobium, S. japonicum, S. intercalatum, and S. mekongi. These infections manifest in two main forms: intestinal 
schistosomiasis, attributed to S. haematobium, and urogenital schistosomiasis, associated with other species 
such as S. mansoni6,7. The life cycle of Schistosoma initiates when parasitic eggs from infected human feces or 
urine enter freshwater sources. Under favorable environmental conditions, these eggs hatch into miracidia, 
which actively seek out and penetrate suitable IH snails. Asexual reproduction occurs within the snails, leading 
to the development of cercariae. At this advanced stage, the cercariae are released into the water as free-living 
parasites and can penetrate human skin, thereby completing the cycle and causing the disease6. Notably, Bulinus 
and Biomphalaria snails act as IHs for S. haematobium and S. mansoni, respectively7. Schistosoma haematobium 
and S. mansoni are prevalent in Sub-Saharan Africa, significantly contributing to the burden of schistosomiasis.
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While the 2020 goal for schistosomiasis elimination proved elusive8, control efforts in Sub-Saharan Africa, spe-
cifically East Africa, have predominantly relied on mass chemotherapy, particularly for school-aged children9,10. 
However, recognizing the inadequacy of this approach alone, there is an urgent call for alternative strategies10. The 
integration of One Health into the WHO 2030 NTD roadmap, encompassing human treatment, livestock treat-
ment and/or vaccination, environmental management, and snail control, has garnered increased recognition for 
its potential impact11,12. From an ecosystem perspective, factors influencing the presences of Schistosoma parasites 
and their snail hosts can significantly impact the transmission dynamics of schistosomiasis12. Investigating such 
factors aligns with the WHO 2030 NTD elimination strategy11. Nonetheless, targeting IH snails, demonstrated as 
effective13, holds promise. However, our understanding of various aspects related to snail hosts remains limited, 
with a scarcity of studies providing comprehensive prevalence data and identifying significant features influencing 
the distribution of Biomphalaria and/or Bulinus IH snails14,15. This knowledge gap is particularly pronounced in 
East Africa overall, with persistent schistosomiasis hotspots in Kenya and Tanzania9.

Machine learning techniques, particularly random forest (RF)16, have gained wide application in various 
scientific domains for classification and regression analyses pertaining identification of significant features14,17–20. 
In classification tasks, RF has demonstrated superior predictive accuracy compared to other methods, such as 
logistic regression21–23. RF is resilient to multicollinearity, a common issue in ecological datasets24. It also offers 
effective solutions for addressing missing data25. RF aids in discerning predictor variables with substantial influ-
ence on response variables, distinguishing them from those that may not contribute significantly. Therefore, this 
research aims to provide comprehensive insights into the distribution of IHs in the East African region using RF 
to identify the spatial distribution of IH snail distribution and the significant features driving their distribution.

Currently, only one documented study exists for East Africa region as a whole, albeit restricted to Biompha-
laria IHs and a limited number of surveyed locations, considering just eight predictor features26. This previous 
study gives a first impression, however, obtaining robust results may necessitate the inclusion of a broader 
array of potential features in the analysis. This challenge becomes especially complex in regions like East Africa 
characterized by variable occurrences of both Biomphalaria and Bulinus IH species, in conjunction with diverse 
geographical, climatic, environmental, and anthropogenic factors. This highlights a substantial gap in under-
standing the distribution of the two genera, which are the primary contributors to the schistosomiasis burden 
in the region. To address this knowledge gap, our study has two primary objectives: a) to assess the significance 
of a broader array of potential features, including climatic, environmental, topographic, and human impact 
factors, in influencing the distribution of IH snails of both Bulinus and Biomphalaria snails in East Africa, and 
b) to determine the anticipated probability of occurrences for the pertinent species within the genera based on 
the most significant factors.

Material and methods
Description of study area
The study area spans the East African region, including Uganda, Kenya, and Tanzania, situated within the Tropics 
of Cancer and Capricorn. East Africa covers an extensive area of approximately 6667 Mio km2 and is home to 
roughly 488 million people, making it the most densely populated sub-region in Africa27. This region is rich in 
freshwater sources, such as swamps, rivers, and (crater) lakes, but also man-made structures such as dams and 
irrigation schemes, serving as potential habitats for IH snails14,28,29. In addition, East Africa exhibits a diverse 
range of geographical, climatic, hydrological, and human-induced factors, all of which are highly relevant for 
the distribution of IH snails. Importantly, both S. mansoni and S. haematobium are major disease burdens in the 
region associated with the presence of both Bulinus and Biomphalaria species14,30.

Occurrence and geographic data
The geographic distribution of occurrence data for the Biomphalaria and Bulinus IH snails in the study area can 
be found in the Supplementary File S1 Fig. 1. We collected geographic data (longitude and latitude), pertaining to 
Bulinus and Biomphalaria distribution in the three East African countries Uganda, Tanzania and Kenya, includ-
ing data previously reported by Chibwana et al.31, Tumwebaze et al.32, Tabo et al.14, as well as those reported in 
the Global Biodiversity Information Facility (GBIF), that include recent data from the museum specimens and 
DNA barcodes33. The information obtained from GBIF constitutes secondary data retrieved online, whereas 
the remaining three sources involve primary data collected through field surveys. This dataset encompassed all 
Biomphalaria species, universally acknowledged as hosts, and selectively featured specific well-documented host 
species of Bulinus (see the Supplementary Table S1). After obtaining the data, we imported it into the R statistical 
environment, version 4.0.334, and conducted a thorough data cleansing process by removing duplicate records. 
Subsequently, we harnessed the processed geographic data to extract environmental, climatic, topographic, soil 
content, and human influence drivers associated with occurrence data of IHs using the R programming language, 
Google earth engine35, and the ArcGIS Pro geographical information systems (GIS), as briefly described in Sects. 
"Climatic and environmental features"–"Human impact features".

Climatic and environmental features
Climate factors such as temperature, precipitation, and natural habitat conditions are recognized for their impact 
on host snail distribution patterns36–38. To account for the potential preference of IH snail species for climatic 
variations, we obtained high-resolution bioclimatic data from the WorldClim (v2.1) global dataset, typically span-
ning records from 1970 to 2000 with a spatial resolution of 340 km2 (10-arc minutes)39, within the R statistical 
environment. We excluded most bioclimatic features and selected mean annual temperature (BIO1), temperature 
of the warmest month (BIO5), temperature of the coldest month (BIO6), annual precipitation (BIO12), precipita-
tion of the wettest month (BIO13), and precipitation of the driest month (BIO14), which have been extensively 
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documented for their impact and the biological relevance for the presence and distribution of IH snails14,37,38. In 
addition, we computed the mean land surface temperature (LST) using the MOD11A1.061 Terra Land Surface 
Temperature and Emissivity Daily Global 1 km dataset within Google Earth Engine , an indicator of energy 
exchange at the land surface-atmosphere interface known for its influence on climate and ecosystems40. We 
have averaged all LST data for the years 2000, 2010, and 2020, accommodating any temperature and emissivity 
fluctuations over the past two decades. In the Google Earth Engine platform, we scripted the extraction of the 
Normalized Difference Vegetation Index (NDVI) from the MODIS product MOD13Q1 (2021) V6.1, offering 
valuable information at a 250 m pixel resolution41. We have averaged NDVI data for the years 2000, 2010, and 
2020, accounting for any fluctuations in the index over the past two decades. The NDVI is a widely-used indica-
tor for the quantification of vegetation health and density42,43.

In addition, land cover, which is known to significantly impact snail habitat suitability44, was considered and 
extracted from the MODIS Land Cover Type Yearly Global 500 m dataset via Google Earth Engine45. The land 
cover classification employed in this study distinguishes 17 land cover classes, including 11 natural vegetation 
classes (such as forests, open herbaceous areas, and wetlands), 3 human-altered classes (comprising agricultural 
land and built-up areas), and 3 non-vegetated classes (including snow, rocks, and water bodies). Furthermore, 
various physiochemical properties previously studied for their effects on IH snail distribution14,26,46 were inte-
grated into our analysis. This included soil pH, soil organic carbon content in fine earth, and soil cation exchange 
capacity obtained at a 30 m resolution at a depth of 0–20 cm and 20–50 cm from the Innovative Solutions for 
Decision Agriculture Ltd (iSDA) data set via Google Earth Engine47. Additionally, data on soil composition, 
including clay, sand, silt, nitrogen content, and pH (measured in H2O) at a depth of 0-5 cm, were sourced from 
the International Soil Reference and Information Centre (ISRIC), the World Soil Information Service48.

Topographic features
We included topographic metrics, such as altitude, slope, and distance to the next water body as surrogate indi-
cators of biogeographical isolation, which can influence colonization and limit dispersal, potentially impacting 
IH establishment in the region14,49. Altitude data, a key topographic factor affecting snail host distributions 
and prevalence of schistosomiasis50, was obtained from the WorldClim database. Slope was derived from the 
Shuttle Radar Topography Mission (SRTM) digital elevation data using Google Earth Engine at approximately 
30 m resolution51. The nearest distance from occurrence points to surface water bodies was calculated using the 
"Near" tool in ArcGIS52.

Human impact features
We integrated two significant indices, the Human Influence Index (HII) and the Human Footprint Index (HFI), 
to assess the impact of human activities on the distribution of IH snails. We obtained HII Data from the Last of 
the Wild Project (version 2, 2005) at a spatial resolution of 1 km from NASA’s Socioeconomic Data and Applica-
tions Center (SEDAC). This dataset quantifies relative human impact within each terrestrial biome using scores, 
derived from 9 global data layers. These layers include factors such as human population pressure (popula-
tion density), human land use and infrastructure (built-up areas, nighttime lights, land use/land cover), and 
human access (coastlines, roads, railroads, navigable rivers)53. Scores range from 0 to a maximum of 72, with 
higher scores indicating greater human influence and lower scores suggesting less human influence. Likewise, 
we acquired HFI data from the Last of the Wild Project (version 3, 2009) through SEDAC (NASA) with a spatial 
resolution of 1 km. The dataset encompasses eight variables, such as built-up environments, population den-
sity, electric power infrastructure, crop lands, pasture lands, roads, railways, and navigable waterways. Scores 
within the range of 0 to 50 were assigned, where higher scores signify increased human influence and lower 
scores indicate less human influence53. We acquired region-specific data for both HII and HFI in a geographic 
coordinate system (GCS) from the SEDAC webpage, then extracted pixel-level data for both indices using the 
"Extract Values to Points" tool in ArcGIS. Note that SEDAC was preferred because it provided the most recent 
spatial/geographic data for both HII & HFI.

Data analysis
For assessing the importance of predictor features in both Bulinus and Biomphalaria RF models, we applied a 
cross-validation based on presence or absence (1/0) feature sensitivity, a widely-used resampling technique to 
evaluate generalization capabilities and prevent overfitting54. Cross-validation serves to evaluate the stability 
of variable rankings and mitigates the influence of randomness in the assessment process. The significance 
of individual parameters in the overall RF models was evaluated using two crucial metrics, Mean Decrease 
in Accuracy (MDA) and Mean Decrease in Gini (MDG)17. MDA is suitable when the goal is to maximize the 
overall accuracy of the classification model while MDG is often used when the goal is to build decision trees that 
create nodes with high homogeneity, resulting in better separation of classes17. Notably, variations in MDA and 
MDG outputs are common due to distinct calculation approaches and metrics. Addressing ranking disparities 
between MDA and MDG, we incorporated both metrics but primarily underscored features deemed significant 
by both metrics. Thus, when interpreting variable importance, it is advisable to prioritize relative rankings over 
comparing absolute values between these two measures, ensuring a more comprehensive understanding of feature 
significance and analytical robustness. In addition, to visually represent how individual predictor features influ-
ence the behavior of each IH snail in the region, we employed partial dependence plots14,55. The plots illustrate 
the relationship between a specific significant variable and the occurrence of the species while keeping all other 
variables constant.
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Results
Occurrences of IH snails and associated predictor features
The data consists of a total of 455 recorded occurrences for Bulinus (52%) responsible for the transmission of S. 
haematobium, and 412 (48%) for Biomphalaria transmitting S. mansoni. Specifically, the dataset encompassed 
77, 69, and 309 records for Bulinus species and 134, 143, and 135 records for Biomphalaria species in Uganda, 
Kenya, and Tanzania, respectively.

Overall, we considered 23 predictor features for the RF model. Their spatial resolution, potential mean value, 
standard deviation, and range variation are shown for both genera (Table 1). Detailed occurrence data, along 
with corresponding geographic information for the IH snails, can be found in the Supplementary Table S1. In 
general, both genera share parameter values that exhibit minimal spatial variation considering range of their 
potential predictors. This similarity in most features is potentially influenced by the location of the region within 
the same tropical climate zone favoring both species. For example, the data shows that the altitudinal range for 
Biomphalaria ranges from 46 to 2342 m.a.s.l, while for Bulinus, it spans from 3 to 2058 m.a.s.l. Additionally, soil 
conditions in the region, which tend to be alkaline, reflect a complex interplay of various soil components (clay, 
silt, sand), soil cation exchange capacity, and the bulk density of the fine earth fraction. The high nitrogen content 
(0.5–4.6 g kg–1) in the area can be attributed to emissions from decomposing organic matter such as vegetation 
(index range 0.18–0.8), land cover, and human activities like deforestation. Nevertheless, an evaluation of the 
significance of individual parameters in the cross-validated random forest models for Biomphalaria and Bulinus 
has been conducted and is presented in Sect. “Variable importance”.

Table 1.   The input predictor parameters, their spatial resolution; mean values, standard deviation, and the 
range: Buli Bulinus species, and Biom Biomphalaria species.

Parameter Abbreviation Spatial resolution Sources

Mean values Standard deviation Range

Buli Biom Buli Biom Buli Biom

Mean annual tempera-
ture (ºC) BIO1 340 km2 WorldClim2 21.6 18.4 74.87 7.2 2–27.5 2–29.1

Temperature of the 
warmest month (ºC) BIO5 340 km2 WorldClim2 22.0 23.3 13.04 11.0 28–34.3 3–36.6

Temperature of the 
coldest month (ºC) BIO6 340 km2 WorldClim2 14.5 12.3 6.18 4.55 11–21.3 8–22.1

Mean annual precipi-
tation (mm) BIO12 340 km2 WorldClim2 1168 718 544 604 8–1989 1–1918

Precipitation of the 
wettest month (mm) BIO13 340 km2 WorldClim2 272 163 119 83 12–522 13–522

Precipitation of the 
driest month (mm) BIO14 340 km2 WorldClim2 27 30 17.36 21.9 1–72 1–91

Land surface tempera-
ture (ºC) LST 340 km2 MODIS 25.3 26.7 6.79 5.4 3.4–36.18 12–43.6

Normalized difference 
vegetation index NDVI 250 m2 MODIS 0.58 0.59 0.10 0.13 0.18–0.83 0.18–0.8

Land cover Land cover 500 m MODIS 8.26 6.9 4.46 5.21 1–14 1–14

Soil pH pH 30 m iSDA 5.96 5.9 0.44 0.6 5.1–7.8 5.1–9

Soil organic carbon 
content in fine earth 
(g/kg)

Organic carbon 30 m iSDA 6.76 8.3 2.45 3.3 1.23–17.18 1.23–17.17

Soil cation exchange 
capacity (cmol( +)/kg) Cation exchange 30 m iSDA 10.88 14.6 6.74 6.5 1.23–35.59 1.23–32.12

Bulk density of fine 
earth fraction (g/cm3) Bulk_density 30 m iSDA 1.32 1.27 0.09 0.09 1.12–1.57 1.11–1.7

Clay content (%) Clay 340 km2 ISRIC 29.95 36.8 12.1 11.9 2–61 3–61

Sand content (%) Sand 340 km2 ISRIC 38.64 33.7 16.9 13.6 3–72 2–61

Silt content (%) Silt 340 km2 ISRIC 19.3 19.9 6.84 8.8 1–35 2–32

Nitrogen content (g 
kg-1) Nitrogen 340 km2 ISRIC 1.36 1.9 0.51 0.79 0.5–4.6 0.62–4.6

pH in H2O pHH2O 340 km2 ISRIC 6.05 6.08 0.53 0.63 5.32–8 5.3–9.2

Altitude (m.a.s.l) Altitude 340 km2 WorldClim2 436 1018 581 549 3–1,895 11–2,342

Slope (°) Slope SRTM 4.49 4.45 3.38 4.2 0.93–26.54 0.93–26.54

Distance from the 
nearest water source 
(m)

Water_distance 1:1,000,000 FAO 1778 1890 2530 2002 0.445–15,724 1.6–8990

Human influence 
index Human influence 1 km NASA 21.2 21.3 8.74 10.8 1–52 1–52

Human footprint 
index Human Footprint 1 km NASA 15.18 15.9 8.31 9.7 1–46 1–42
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Variable importance
In general, geography, precipitation patterns, temperature variations, and environmental parameters within 
the region play a significant role in shaping the distribution of both Biomphalaria and Bulinus, although their 
relative contributions to the two models vary across the region and the method for the detection of variable 
importance (Fig. 1). Parameters highlighted in blue are considered strong predictors with significant influence, 
while those in black exhibit minor influence, and those with negative variable importance values in red are 
considered non-significant predictors according to the MDA metric (Fig. 1, left). We based on the same order 

Figure 1.   Contributions of the predictor features to the distribution of Biomphalaria (upper panel) and Bulinus 
(lower panel) considering the variable importance by mean decrease in accuracy (MDA, left)) and mean 
decrease in Gini (MDG, right). The prominently significant features are highlighted in blue, those with minor 
influence are marked in black, and those in red are considered non-significant. For abbreviations of features see 
Table 1.
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of feature importance in MDA to categorize results in MDG into blue, black, and red (Fig. 1, right). Specifically, 
the most influential features affecting the distribution of Biomphalaria IH snails include altitude, and mainly 
climatic features, i.e. precipitation during the wettest month (BIO13), mean annual temperature (BIO1), and 
mean annual precipitation (BIO12). Features with minor contributions to the Biomphalaria model include the 
remaining climatic features like precipitation during the driest month (BIO14), temperature of the coldest month 
(BIO6), temperature of the warmest month (BIO5), and soil related features, as well as land cover. Addition-
ally, the Human Footprint, land surface temperature, water distance, and vegetation index were found to have 
a lesser significance only with the MDA metric. The other parameters were found to be non-significant for the 
Biomphalaria model.

For Bulinus, the most significant parameters influencing its distribution are altitude, and again climatic fea-
tures such as precipitation during the wettest month (BIO13), mean annual temperature (BIO1), mean annual 
precipitation (BIO12), as well as some soil features (nitrogen concentration, clay content). All other features are 
less relevant. Of these, parameters like land surface temperature, water distance, vegetation index, bulk density 
of fine earth fraction, and slope were found to be significant only when using the MDA method and only to a 
minor degree. Parameters that were not found to significantly impact the Bulinus IH species distribution at all 
include soil pH, organic carbon content, and the Human Footprint, amongst others (Fig. 1).

Predicted probabilities for the occurrence of IH snails
The simulated probabilities of genus occurrence in relation to the significant features identified in Fig. 1 dem-
onstrate non-linear relationships, for both Biomphalaria and Bulinus IH snails. The likelihood of encountering 
Bulinus species is generally higher than that of Biomphalaria species in the region based on their probability 
values (Fig. 2). Nevertheless, the predicted probabilities for both genera exhibit consistent patterns concerning 

Figure 2.   Likelihood of Biomphalaria species (1st panel) and Bulinus species occurrence (2nd and 3rd panels) 
in relation to the significant featuresfeatures identified by both importance metrics (MDA and MDG) in the 
Biomphalaria and Bulinus models. (Compare Fig. 1; see Supplementary S1 Fig. 2 for Biomphalaria and Fig. 3 for 
Bulinus predicted probabilities for the remaining predictors.
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the importance of altitude, precipitation during the wettest month (BIO13), mean annual temperature (BIO1), 
and annual precipitation (BIO12). As altitude increases, the probabilities of occurrence for both IHs exhibit a 
steep rise up to an elevation of approximately 500 m.a.s.l. Beyond this point, the occurrence gradually increases, 
albeit at a very gradual rate, until approximately 1500–1800 m.a.s.l., where the trend peaks with a noticeable 
decrease in the likelihood of encountering these species (Fig. 2).

Conversely, for the occurrence of both IHs, the predicted probabilities decrease with a rise in precipitation 
levels less than 300 mm in the wettest month (BIO13) and annual precipitation (BIO12) of less than 1000 mm. 
This is followed by a slight increase at the end of the trend for BIO13 and a strong increase for BIO12 between 
around 1250 to 1900 mm. The feature mean annual temperature (BIO1) shows a complex relationship, indicating 
a gradual increasing trend towards higher values between 20 and 25 °C, followed by a steep probability decrease. 
Additionally, the association with the temperature of the coldest month (BIO6) indicates a decreasing prob-
ability of encountering Bulinus between 8 and 20 °C, followed by a slight increase up to 22 °C. The probability of 
encountering Bulinus increases with an increase in the soil nitrogen content, with a high probability occurring 
above 2 g/kg. However, the association with clay soils is complex, generally exhibiting an increasing trend that 
peaks at ~ 50% content of clay soils, followed by a slight decrease up to 60%.

Discussion
In this research, we relied on geographical data sourced from literature and the GBIF database to investigate the 
distribution of Biomphalaria and Bulinus IH snails for Schistosoma within the East African region. We observed 
minimal variation in the potential determinants of the distribution of both Biomphalaria and Bulinus snails across 
the regional scale. Geography and climate played a significant role in the distribution of Biomphalaria, while 
geography, climate, and to some extent, several soil factors, were crucial factors shaping the presence of Bulinus 
snails. However, it is crucial to note that the varying significance of parameters, highlights the intricate nature of 
snail behavior and distribution. Numerous interacting factors can convolute the straightforward impact of specific 
parameters potentially attenuating their effects in the model. In the following sections, we discuss IH snail occur-
rence in relation to the significant, minor, and non-significant predictor features within an ecological context.

Most significant predictor features of IH snail occurrences
The identification of significant features for both IH groups relied on high variable importance values, and 
similar results in both MDA and MDG metrics. Nonetheless our findings reveal that both genera thrive better 
below 500 m.a.s.l of altitude, potentially because lower altitudes promote stagnant water, facilitating breeding, 
while higher altitudes facilitate water flow56, a reflection of the dispersal patterns of the IH snails14. Thus, the 
variation in the altitude of the study area plays a pivotal role, although it is important to note that Abe et al.57 
found that altitude did not significantly impact the distribution of Bulinus snails which they associated with the 
lack of altitude variation in their study area. Nonetheless, our findings complement the previous research stud-
ies which have reported differing upper altitude limits for IH snail occurrence in Uganda, with values ranging 
from 1400 m a.s.l58, to more than 1600 m a.s.l14, and even above 2000 m.a.s.l50. Notably, Bulinus species have 
been documented at exceptionally high altitudes (3997 m.a.s.l)32, showing favorable conditions at such altitudes. 
People in high-altitude populations are at risk of disease exposure, yet often receive minimal attention from 
health authorities and vector control programs, posing a significant concern for their health. Therefore, dedicated 
research is needed to establish an upper limit for both forms of schistosomiasis and assess their potential impact 
on host-parasite interactions and transmission of the disease. Additionally, further investigations are required to 
determine whether the observed and assumed shifts in altitudinal thresholds are attributable to climate change 
or other factors.

Furthermore, the foremost significant drivers affecting the distribution of both Biomphalaria and Bulinus 
snails according to our study are the climate features, temperature, and precipitation. In contrast, a locally 
restricted study in western Uganda14, assigned a lesser degree of importance to climate. This, suggests that the 
precise impact of climate change on IH snails and schistosomiasis is likely to exhibit variations based on geo-
graphical or spatio-temporal scales under consideration59. Precipitation serves as a critical metric for assessing 
the availability of suitable water bodies that snails are known to inhabit36. For example, climate change can lead 
to fluctuations in regional precipitation levels, which may in turn modify transmission patterns and the onset of 
schistosomiasis36,38. Nonetheless, an increase in precipitation levels contributes to the proliferation of breeding 
sites by increasing surface runoff into freshwater ecosystems60, thereby enhancing the supply of organic matter, 
which serves as food for the snails, ultimately promoting their growth and fecundity60,61. Moreover, precipitation 
events provide suitable conditions for snails to emerge from estivation within temporary breeding sites, coincid-
ing with a higher peak of reproduction among these organisms62. This would also explain the strong increase 
of IH snails’ occurrence with precipitation features we found in our analysis. However, it is worth noting that 
excessive precipitation can also have adverse consequences on the distribution of IH snails60. Heavy rainfall 
can cause the breeding sites to be flooded, which dislocates snails and leads to a decline in snail populations. 
Consequently, snails disperse to new locations, establishing new areas for these vectors and posing a risk for 
the renewed transmission of schistosomiasis60. In contrast, during dry seasons, precipitation levels are low, and 
snails need to adapt, can undergo aestivation and their occurrence reduces, this may be a possible explanation 
for the negative correlation with the precipitation during the warmest months.

In a comparative context, our study emphasizes the importance of temperature in shaping snail distribution 
patterns across the broader East African region. Generally, freshwater snails are ectothermic, meaning their body 
temperature is regulated by the surrounding environment12. Temperature plays a crucial role in determining the 
development, survival, and reproductive rates of snails, as corroborated by multiple studies10,36–38,56,63. Interest-
ingly, within the more confined geographical scope of Western Uganda, temperature exhibited a considerably 
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weaker influence on the distribution of IH species14. This could be attributed to the more consistent temperature 
fluctuations compared to the broader variations seen in larger-scale studies like ours. At a broader spatial scale, 
our study reveals a pronounced prevalence of intermediate host snails when mean annual temperatures range 
between 20 and 25 °C. In prior studies, a temperature of 25 °C has been associated with an increase in snail 
populations64,65. In addition, Malone65 noticed an ideal temperature range of 20–27 °C for the intramolluscan 
development of S. mansoni within Biomphalaria spp. snails. On the other hand, decreased probability of IH snail 
presence during warm seasons exceeding 29 °C as shown in our study can be attributed to elevated snail mortality, 
diminished reproductive capacity, and inhibited snail growth, ultimately resulting in reduced schistosomiasis 
cases in such seasons63,66.

In addition, the presence of clay in the soil was a significant factor in the Bulinus model, consistent with prior 
research by Stensgaard et al.36, which associated clay-rich soils with higher snail prevalence. However, other 
studies suggested that clay content in the soil had only a minimal impact on IH snail presence46,67. Nonetheless, 
clay content in the nearby terrestrial surroundings can influence the distribution of IH snails by affecting soil 
texture, water retention, and drainage. The presence of heightened clay content may foster waterlogged conditions 
that are favorable for the proliferation of IH snails56. The strong relationship between soil nitrogen content and 
Bulinus IH snail distribution implies that even minor variations in soil nitrogen content can significantly impact 
their distribution. This connection suggests that although snails typically flourish in aquatic environments, the 
presence of soil nitrogen levels in the nearby terrestrial surroundings might affect the spread of Bulinus snails. 
Theoretically, increased soil nitrogen often correlates with a greater chance of nitrogen leaching, which could 
lead to elevated nitrogen levels in streams or floodplain habitats. These conditions could favor the survival and 
proliferation of these snails within their aquatic environments.

Minor and non‑significant predictor features of IH snail occurrence
Certain predictor features held relatively low importance on the distribution of both genera. Discrepancies 
between the MDA and MDG metrics regarding these parameters were noted. A brief discussion of possible 
explanations for the limited and non-significant significance of these parameters on the distribution of IH snails 
is provided, taking into account conflicting findings in the literature. The limited impact of some climate features 
like BIO14 and BIO5 during the driest month can be attributed to factors including food scarcity, snail adapta-
tions, and the possibility of aestivation/hibernation, with the likelihood of snail mortality during these driest 
months62,63,66,68. Scenarios like hibernation often occurs as most temporary breeding sites dry out68. Moreover, 
the feeding habits of freshwater snails can be influenced by cold temperatures (BIO6), leading to a potential 
decrease in their reproductive activity61. In fact, studies typically indicate that precipitation and temperature 
play a minimal role or lack statistical significance in influencing the distribution of intermediate host snails14,46. 
This can be linked to the smaller geographical scope examined in prior studies, where similar climatic changes 
were observed, resulting in collinearity in the climate data14,46. Consequently, there was limited variation in the 
data, hindering the reflection of the significance of climate variables as primary drivers for snail distribution. 
In contrast, our regional and larger-scale study provides a more comprehensive perspective. However, it is 
important to note that the distribution of IH snails may not solely be driven by all climate features but can also 
be influenced by a complex interplay of various factors including ecological, topological, and human factors12,59.

Sand content, as observed, emerged as a significant yet a minor feature in both the Biomphalaria and Bulinus 
models. This finding is in line with the research conducted by Stensgaard et al.36, which highlights the signifi-
cance of specific levels of sand content in snail distribution. Sandy soils, due to their inherent characteristics that 
enhance drainage, significantly impact the suitability of habitats for snails36. However, sand content, representing 
fine soil particles, may not consistently exert a strong influence on the distribution of IH snails, with its impact 
varying potentially based on its content for example 34–39% in our study area. On the other hand, the signifi-
cance of silt content in Bulinus presence was notably lower, as indicated only by MDA. This finding aligns with 
the results reported by Deka46, underscoring the limited contribution of silt content to defining the presence of 
IH snails. On the contrary, Olkeba et al.67 observed higher Bulinus globosus populations in regions with higher 
silt content. However, it is crucial to acknowledge that the association between soil texture (silt, clay, sand) and 
snail distribution represents only one aspect within a larger ecological framework. This framework includes 
various factors like water chemistry, vegetation, and climate.

Furthermore, we observed that soil pH (levels 5.1–9.2), had minimal significance in the distribution of 
Bulinus snails and was not significant at all in the Biomphalaria model. The limited impact in our study could 
be attributed to the varying alkaline nature of the soils. Likewise, the restricted importance of both bulk density 
of the fine earth fraction and soil cation exchange capacity, as constituents of soil compositions, can be linked 
to the limited influence exerted by the soil content parameters (sand, silt, clay). It is essential to acknowledge 
that land use distribution involves various classes, which vary by region and over time69. The potential impact of 
land use on the distribution of IH snails, such as waterbodies and cropland vegetation mosaics, may be limited 
by superimposing effects from irrelevant factors like savannah and barren land56. The relatively minor impact of 
the human footprint, which was a weaker predictor for Biomphalaria snail distribution (by MDA), is in line with 
findings from Olkeba et al.67 and Krauth et al.70. Nonetheless, humans often play a crucial role in introducing 
snails into new environments and serve as passive dispersal vectors70,71 through expansion of irrigation agricul-
ture, settlement and fishing activities. Conversely, a study by Tabo et al.14 did not identify human influence as a 
significant factor affecting IH snail distribution, potentially because some of the habitats are in reversed areas and 
in game parks where human activities are limited14. Furthermore, this variance may be attributed to the limited 
spatial scope of their case study, which may not comprehensively capture the full extent of human impact on 
snail distribution. While Deka46 emphasized the importance of proximity to the nearest water body as a signifi-
cant variable, our research indicates its limited influence on the distribution of both genera. Surprisingly, Tabo 
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et al.14 reached a similar conclusion regarding the insignificance of this variable in IH snail distribution. These 
disparities may stem from the distinctive geographical and landscape characteristics considered.

In our study, with an NDVI range of 0.18 to 0.83 and an LST range of 3.4 to 43.6 °C in the region, both 
parameters exhibited low significance in determining the distribution of both genera (by MDG). This observation 
aligns with previous studies conducted by Magero et al.26, Boitt and Suleiman56, and Deka46, all of which found 
a similar limited influence of these two parameters on the presence of IH snails. Nonetheless, it is important to 
consider that we have observed in this study that land cover has a limited influence at all. Moreover, Boitt and 
Suleiman56 have pointed out that land surface temperature (LST) is significantly shaped by land cover, while 
NDVI indirectly reflects land cover characteristics. This interrelationship may help explain the relatively modest 
impact of both LST and NDVI on snail distribution in our study.

While the study provides valuable new insights and results, it is limited by the scarcity of accessible physico-
chemical data from online spatial databases or literature in the entire region or from major parts of the study area. 
The sole available physico-chemical data from a survey field study14 is constrained to a localized area in Western 
Uganda within our study region. Nevertheless, we advocate for extensive field sampling studies across East Africa.

Conclusion
Our comprehensive analysis highlights the significance of geographical, climatic, environmental, and human 
factors in understanding the distribution of IH snails for schistosomiasis. Such factors can influence not only the 
occurrences of the genera but specifically their speciation, extinction and dispersion processes in an ecosystem. 
Our machine-learning approach disentangled key drivers, revealing that topography and climate predominantly 
influence Biomphalaria, while topography, climate, soil content, and nitrogen concentration collectively affect 
the presence of Bulinus. The intricate relationship with topography (altitude) may reflect dispersal limitations 
or environmental filtering, while positive associations with precipitation patterns and temperature variations 
suggest the prevalence of IH snails in East African ecosystems, especially within the tropical climate zone. Fur-
thermore, clayish soil content and high nitrogen levels favor IH snail distribution in freshwater habitats. It is 
crucial to acknowledge the multifaceted nature of IH snail distribution, influenced by diverse ecological, climatic, 
topological, and human factors with varying contributions. These findings provide a foundational dataset for 
future research and risk mapping, supporting targeted prevention and control efforts against schistosomiasis. 
In addition, the findings have significant implications for public health. Policy makers and stakeholders should 
consider habitat suitability and prioritize actions on features identified as significant for the distribution of IH 
snails in the region. It is crucial to integrate approaches and enhance community awareness regarding these 
significant factors, leading to the design and implementation of integrative measures for the control of IHs and, 
consequently, the prevention of schistosomiasis.

Data availability
The data generated or analyzed are present in the manuscript.
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a b s t r a c t

Schistosomiasis, a neglected tropical disease caused by parasitic worms, poses a major
public health challenge in economically disadvantaged regions, especially in Sub-Saharan
Africa. Climate factors, such as temperature and rainfall patterns, play a crucial role in the
transmission dynamics of the disease. This study presents a deterministic model that aims
to evaluate the temporal and seasonal transmission dynamics of schistosomiasis by
examining the influence of temperature and rainfall over time. Equilibrium states are
examined to ascertain their existence and stability employing the center manifold theory,
while the basic reproduction number is calculated using the next-generation technique. To
validate the model's applicability, demographic and climatological data from Uganda,
Kenya, and Tanzania, which are endemic East African countries situated in the tropical
region, are utilized as a case study region. The findings of this study provide evidence that
the transmission of schistosomiasis in human populations is significantly influenced by
seasonal and monthly variations, with incidence rates varying across countries depending
on the frequency of temperature and rainfall. Consequently, the region is marked by both
schistosomiasis emergencies and re-emergences. Specifically, it is observed that monthly
mean temperatures within the range of 22e27 �C create favorable conditions for the
development of schistosomiasis and have a positive impact on the reproduction numbers.
On the other hand, monthly maximum temperatures ranging from 27 to 33 �C have an
adverse effect on transmission. Furthermore, through sensitivity analysis, it is projected
that by the year 2050, factors such as the recruitment rate of snails, the presence of
parasite egg-containing stools, and the rate of miracidia shedding per parasite egg will
contribute significantly to the occurrence and control of schistosomiasis infections. This
study highlights the significant influence of seasonal and monthly variations, driven by
temperature and rainfall patterns, on the transmission dynamics of schistosomiasis. These
findings underscore the importance of considering climate factors in the control and
prevention strategies of schistosomiasis. Additionally, the projected impact of various
factors on schistosomiasis infections by 2050 emphasizes the need for proactive measures
to mitigate the disease's impact on vulnerable populations. Overall, this research provides
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valuable insights to anticipate future challenges and devise adaptive measures to address
schistosomiasis transmission patterns.

© 2023 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Schistosomiasis, classified as a neglected tropical disease and an infectious disease of poverty, primarily affects poor and
marginalized communities with limited access to clean water and sanitation, exerting detrimental impacts on their health,
economy, and social well-being (Gryseels et al., 2006). Transmission of the parasitic trematode worms Schistosoma spp. to
humans relies on the presence of suitable freshwater intermediate hosts (IH) snails, where schistosomes undergo asexual
reproduction, and humans, serving as the final hosts, where schistosomes undergo sexual reproduction (Steinmann et al.,
2006). Globally, over 240 million individuals are infected with schistosomiasis, with approximately 90% of infections
concentrated in sub-Saharan Africa (Bergquist et al., 2017). African regions exhibit high prevalence of Schistosoma species,
such as Schistosoma mansoni transmitted by Biomphalaria snails, and Schistosoma haematobium transmitted by Bulinus snails
(Utzinger et al., 2009).

Climate variables, including temperature and precipitation, have been shown to influence the presence of IH snails and
schistosomiasis transmission (McCreesh & Booth, 2013; Stensgaard et al., 2016; Tabo et al., 2022). However, the impact of
current and future climate changes on schistosomiasis development remains uncertain and subject to debate (McCreesh &
Booth, 2013; Stensgaard et al., 2016; McCreesh et al., 2015; Kalinda et al., 2018). Temperature fluctuations and extreme
weather events have been highlighted as crucial factors (McCreesh & Booth, 2013), and deterministic models incorporating
temperature effects on IH snails' life history characteristics are recommended (Kalinda et al., 2018). Climate change also
introduces variations in regional precipitation levels (Solomon, 2007), potentially altering transmission patterns and schis-
tosomiasis onset (Codjoe & Larbi, 2016; Martens et al., 1995). In specific tropical regions, including Tanzania, Kenya, Uganda,
Rwanda, Burundi, and Eastern Zambia, climate changes may create favorable environments for IH snails (McCreesh et al.,
2015).

While these studies suggest a potential for ecological changes and thus changes in the transmission of schistosomiasis,
they also increase the difficulties associated with characterizing the relationship between climate variability in terms of
temperature and precipitation with the transmission of schistosomiasis because the relationship is likely, not linear.
Therefore, modeling the impact of seasonal climate variations in temperature and precipitation is critical in determining how
climate change will influence schistosomiasis infections. In this context, a few mathematical models for the transmission
dynamics of schistosomes have been proposed (Chen et al., 2010; Feng et al., 2004; Kalinda et al., 2019; Li et al., 2017). For
instance, Li et al. (Li et al., 2017) formulate a periodic model that shows a seasonal transmission pattern of schistosomiasis
based on monthly human schistosomiasis cases in the lake and marsh areas of China while Schrader et al. (Schrader et al.,
2013) incorporate host snail genetic structure and land use changes in a schistosomiasis predictive model. On the other
hand, the results of Mangal et al. (Mangal et al., 2008) and Kalinda et al. (Kalinda et al., 2017a) [19] provide information on the
relationship between temperature and schistosomiasis transmission for Biomphalaria-S. mansoni and Bulinus-S. haematobium
systems. Although these models have been insightful in providing a framework for evaluating the impact of one climate
variable on schistosomiasis transmission, it is still challenging to simultaneously understand how temperature and precip-
itation affect schistosomiasis transmission dynamics as a result of a changing climate (Van der Wiel & Bintanja, 2021).

The objective of this study is two-fold. Firstly, it aims to develop a new mechanistic model for schistosomiasis trans-
mission, considering the coupled effects of temperature and rainfall. The model incorporates parameters accounting for
population growth, temperature, precipitation, and the release of parasite eggs by infected individuals. Secondly, the study
aims to assess the impact of temperature and rainfall variations on the frequency of schistosomiasis transmission in different
geographical areas, considering seasonal variations. Regional model systems are specifically built for Tanzania, Kenya, and
Uganda, countries where schistosomiasis is highly prevalent, and the climate supports the thriving of intermediate host
snails, leading to widespread infections among the population.

2. Material and methods

2.1. Model formulation

The model describes the transmission dynamics of Schistosoma infection in a population consisting of humans, Schisto-
soma parasite eggs in the environment and free-living parasites, and snails. The population is divided into various com-
partments representing the different stages of the Schistosoma life cycle: Susceptible human compartment, ShðtÞ, represents
individuals who are susceptible to the Schistosoma infection. These individuals have not been infected previously and can

Z. Tabo, C. Kalinda, L. Breuer et al. Infectious Disease Modelling 9 (2024) 158e176

159

52



potentially become infected if they come into contact with the parasite. Infected human compartment IhðtÞ, represents in-
dividuals who are currently infected with Schistosoma. These individuals can release parasite eggs into the environment
through faces and urine and can contribute to the overall transmission dynamics. Parasite egg population compartment EhðtÞ,
represents the population of parasite eggs released into the environment by infected humans. These eggs can hatch into free-
living stages of the parasite (miracidia) and infect snails. Free-living miracidia parasite compartmentMf ðtÞ, are the first free-
living stage of the Schistosoma life cycle. Miracidia can infect snails and continue their development. Snails serve as inter-
mediate hosts for the parasite, facilitating its life cycle. Susceptible snail vector compartment SvðtÞ, represents snails that are
susceptible to becoming infected with schistosomiasis, while the infected snail vector compartment IvðtÞ, represents snails
that are currently infected with schistosomiasis. Infected snails release free-living cercaria Schistosoma parasite into the
environment, contributing to the transmission of the infection to human. Free-living cercaria parasite compartment Cf ðtÞ, this
compartment represents the population of cercaria parasites, which are the final free-living stage of the Schistosoma life cycle.
Cercariae can infect humans upon contact with contaminated water to complete the Schistosoma life cycle.

The model is developed based on the following assumptions and parameters, which govern the rates of transmission,
infection, and mortality for each compartment, as well as the interactions between different compartments:

(A1) The human is recruited at the rate L1e�y1x, where L1 signifies the maximum birth rate or immigration rate per indi-
vidual. The factor e�y1x takes into account that recruitment of individuals does not occur immediately at birth but rather
at the age when they are first susceptible to infection, denoted as x. This age corresponds to a time when individuals
have the opportunity to interact with contaminated water through activities such as swimming, fishing, farming,
washing, and collecting water for domestic use. It is worth noting that this age may occur much earlier, for example,
when babies below the age of two years are washed in infected freshwater. The parameter y1 represents the mortality
rate among humans, and the probability of a child surviving up to the age of susceptibility is given by 1= y1. As for the
recruitment of snails, the rate of maturation L2ðT; RÞ, is dependent on the prevailing temperature (T) and rainfall
amount (R). This rate also takes into account the three stages of the snail life cycle, the number of eggs laid by each adult
snail per day, and the survival rate of both the laid eggs and the juvenile (immature) snails until they reach adulthood.

(A2) Schistosomiasis is not passed down from an infected mother to her child through vertical transmission. In the model,
the incidences of infection are represented by b1ðTÞShCf for humans and b2ðTÞMf Sv for snails. Here, b1ðTÞ denotes the
temperature-dependent rate of cercaria infection in humans, reflecting how the infection rate varies with temperature.
Similarly, b2ðTÞ represents the temperature-dependent rate of miracidia infection on snails, indicating the infection
rate's dependence on temperature.

(A3) The natural mortality rates for various components in the schistosomiasis system are denoted as y1 for humans, y2 for
snails, dvðTÞ for parasite eggs, y3ðTÞ for miracidia, and y4 for cercaria. Disease-related mortality rates specific to humans
and snails are represented as d1 and d2ðTÞ, respectively. It is important to note that the rates dvðTÞ, y3ðTÞ; and d2ðTÞ are
temperature-dependent parameters, meaning they vary with changes in temperature. The model assumes that excreta
(urine and/or feces), which includes parasite eggs, are either directly released into the freshwater or find their way into
it. Infected humans, on average, excrete r stools per day, with each gram of stool containing an average number of eggs
denoted as qh. The occurrence of miracidia is a result of the fact that, on average, NE miracidia hatch from each egg, and
the rate at which the eggs hatch is represented as u1. Additionally, infected snails shed cercariae at a rate of u2. Fig. 1
illustrates the transmission diagram of Schistosomiasis.

The mathematical model equation (1) is developed based on Fig. 1.

Fig. 1. Schistosomiasis transmission diagram depicting the life cycle stages of Schistosoma, interactions with human hosts and IH snails. Disease transmission
parameters influenced by temperature and precipitation are highlighted in blue.
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dSh
dt

¼ L1e
�y1x � b1ðTÞShCf � y1Sh

dIh
dt

¼ b1ðTÞShCf � ðy1 þ d1ÞIh

dEh
dt

¼ qhrIh � ðu1 þ y2ÞEh

dMf

dt
¼ NEu1Eh � y3ðTÞMf

dSv
dt

¼ L2ðT;RÞ � b2ðTÞMf Sv � dvSv

dIv
dt

¼ b2ðTÞMf Sv � ðdvðTÞ þ d2ðTÞÞIv

dCf
dt

¼ u2ðTÞIv � y4Cf

9>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>=>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>;

(1)

In this study, we adopt an autonomous dynamic model equation (1) to investigate the general dynamic effects of climate-
driven systems on schistosomiasis. The spatial characteristics of our autonomous model output are determined by param-
eterization using temperature and rainfall values dependent on temperature and/or rainfall-related parameters.

2.2. Steady states and reproduction number of the model

We show that model (1) has both disease-free and endemic equilibria. The disease-free equilibrium represents a state in
which the population remains free from the infection, indicating the absence of active transmission. In contrast, the endemic
equilibrium represents a persistent state of disease transmissionwithin the population, indicating an ongoing and stable level
of infection. The disease-free equilibrium is crucial as it serves as a benchmark to evaluate the effectiveness of control
measures. On the other hand, the endemic equilibrium provides insights into the persistence and stability of schistosomiasis
transmission. In our model, the basic reproduction number (R0) plays a fundamental role. It quantifies the average number of
new infections caused by a single infectious individual in a susceptible population (Diekmann et al., 1990). If R0 is greater than
1, it indicates that schistosomiasis has the potential to emerge, spread, and persist within the population. In contrast, if R0 is
less than 1, it suggests that, on average, less than one new case of schistosomiasis is generated during the infectious period,
making the disease-free equilibriummore likely. The interplay between these equilibrium conditions and their impact under
climate factors such as temperature and rainfall is crucial to forming public health strategies, as it gives insight into disease
potential, the effectiveness of control measures, and the likelihood of achieving disease elimination.

We are able to calculate R0 using model equation (1) of the autonomous dynamic model, as long as we disregard the
temporal variations in temperature and rainfall (see e.g. Okuneye & Gumel, 2017; Parham & Michael, 2010). Thus, following
the approach by Driessche and Watmough, (Driessche & Watmough, 2002) and Diekmann et al. (Diekmann et al., 1990), the
next-generation technique is employed to determine the dominant eigenvalue, which represents the value of R0 in the model
(1). It can be expressed as:

R0 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�

b1ðTÞNEu1qhrL1e�y1x

y1y4ðdvðTÞ þ d2ðTÞÞðu1 þ y2Þ
�
:

�
b2ðTÞu2ðTÞL2ðT;RÞ
y3ðTÞdvðTÞ ðy1 þ d1Þ

�s
(2)

Furthermore, R0 can be represented as R0ðT ;RÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
RSh0 RSv0

q
where RSh0 ðTÞ ¼ b1ðTÞNEu1qhrðTÞL1e�y1x

y1y4ðdvðTÞþd2ðTÞÞðu1þy2Þ and

RSv0 ðT ;RÞ ¼ b2ðTÞu2ðTÞL2ðT ;RÞ
y3ðTÞdvðTÞ ðy1þd1Þ under the square root, representing new cases of schistosomiasis infections in humans per infec-

tious snail and cases of schistosomiasis infections in snails per infectious human, respectively. Thus, we obtained the standard
expression of R0ðT;RÞ under static environmental conditions where temperature and rainfall are constant at a given time. To
determine the disease-free equilibrium E0, we can set the equations of the model (1) to zero and solve for the respective
variables when no infective compartments exist, i.e. Ih ¼ Eh ¼ Mf ¼ Iv ¼ Cf ¼ 0, defined as:

E0 ¼ ðS0h; I0h; E0h;M0
f ; S

0
v; I

0
v;C

0
cÞ ¼

�
L1e�y1x

y1
;0;0;0;L2ðT ;RÞ

dv
;0;0

�
, E0 always exists in a certain region U∊ R 7

þ0.
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2.2.1. Local stability of the disease-free steady state, E0
In this study, we analyze the local stability conditions of the disease-free equilibrium, E0, in the model (1) based on the

following theorem:

Theorem 3.1. The disease-free steady state, E0, in model (1) is locally asymptotically stable when R0 <1, and it is unstable when
R0 >1.

We present a proof for this theorem by demonstrating that all eigenvalues of the Jacobian matrix J(A) in (3), evaluated at
E0, are negative.

JðAÞ¼

0BBBBBBBBBBBBBBB@

�y1 0 0 0 0 0 �b1S
0
h

0 �ðy1 þ d1Þ 0 0 0 0 b1S
0
h

0 rqh �ðu1 þ y3Þ 0 0 0 0

0 0 NEu1 �y3 0 0 0

0 0 0 �b2S
0
v �dv 0 0

0 0 0 b2S
0
v 0 �ðdv þ d2Þ 0

0 0 0 0 0 u2 �y4

1CCCCCCCCCCCCCCCCCCA

(3)

The Jacobian matrix JðAÞ has seven eigenvalues, two of which by inspection in the first and fifth columns are�y1 and � dv.
We exclude columns one and five with the corresponding rows and the resultant matrix gives the characteristic equation (4)
whose roots are the remaining five eigenvalues of the Jacobian matrix

a0l
5 þ a1l

4 þ a2l
3 þ a3l

2 þ a4lþ a5 ¼ 0 (4)

where,

a0 ¼1; a1 ¼ðy1 þ d1Þþ ðu1 þ y3Þþ y3 þðdv þ d2Þ þ y4

a2 ¼ y3y4 þðdv þ d2Þðy3 þ y4Þþ ððy1 þ d1Þþ ðu1 þ y3ÞÞððdv þ d2Þþ ðy3 þ y4ÞÞ þ ðdv þ d2Þðy3 þ y4Þ;
a3 ¼ y3y4ðdv þ d2Þþ ðy3y4 þðdv þ d2Þðy3 þ y4ÞÞððy1 þ d1Þþ ðu1 þ y3ÞÞ þ ðy1 þ d1Þðu1 þ y3Þððdv þ d2Þþ ðy3 þ y4ÞÞ;

a4 ¼ y3y4ðdv þ d2Þððy1 þ d1Þþ ðu1 þ y3ÞÞ þ ðy1 þ d1Þðu1 þ y3Þðy3y4 þðdv þ d2Þðy3 þ y4ÞÞ;
a4 ¼ y3y4ðy1 þ d1Þðu1 þ y3Þðdv þ d2Þ:

The local stability of equilibrium point E0 is determined by satisfying the conditions that ai >0 (i ¼ 1, 2, 3, 4, 5), and
a1a2a3a4 þ a3a5 þ a4a5 > a1a2a5 þ a1a24 þ a23a5, based on the Routh-Hurwitz stability criteria for characteristic equation (4).

2.2.2. Global stability of the disease-free steady state, E0
In accordance with Castillo-Chavez et al. (Castillo-Chavez, Feng, & Huang, 2002), our investigation focuses on the global

stability of the disease-free steady state by reformulating model (1) into the following form:

8>><>>:
dX
dt

¼ FðX; ZÞ

dZ
dt

¼ GðX; ZÞ;GðX;0Þ ¼ 0

Here, X ¼ ðSh; SvÞ represents the susceptible population, while Z ¼ ðIh; Iv; Eh;Mf ;Cf Þ represents the infected population that is

not infectious ðIh; Iv; EhÞ and the infectious population ðMf ;Cf Þ. We set ;U0 ¼ ð~X;0Þ ¼ ðL1e�y1x =y1;0;0;0;L2ðT ;RÞ =dv;0;0Þ as
the disease-free equilibrium of the model (1) and Theorem 3.2 holds.

Theorem 3.2. The fixed point U0 ¼ ð~X;0Þ is globally asymptotically stable if R0 � 1, and if the two conditions (B1) and (B2) below
are fulfilled:

(B1) dX
dt ¼ FðX;0Þ; ~X is globally asymptotically stable

(B2) GðX; ZÞ ¼ AZ � bGðX; ZÞ and bGðX; ZÞ � 0 for (X, Z) ∊ R7þ.where A ¼ DzGð~X;0Þ is an M-matrix and R7þ is the region in which
model (1) makes biological sense.
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Proof: In our model (1), we have

FðX;0Þ¼
�
L1e

�y1x � y1Sh
L2ðT;RÞ � dvSv

�

A¼

0BBBBBBBB@

�ðy1 þ d1Þ 0 0 0 b1S
0
h

0 �ðdv þ d2Þ 0 b2S
0
v 0

qhr 0 �ðu1 þ y3Þ 0 0

0 0 NEu1 �y4 0

0 u2 0 0 �y5

1CCCCCCCCCCA
bGðX; ZÞ¼GðX; ZÞ � AZ¼ ½0 0 0 0 0 �T ¼0:

In the computation, we show that

ShðtÞ¼
L1e�y1x

y1
þ
�
Shð0Þ �

L1e�y1x

y1

�
e�y1t and SvðtÞ¼L2ðT ;RÞ

dv
þ
�
Svð0Þ � L2ðT;RÞ

dv

�
e�dvt

where ShðtÞ and SvðtÞ, approach L1e�y1x

y1
and L2ðT ;RÞ

dv
as t/∞, respectively. The convergence of the solutions is global in R7þ. Thus,

~X is globally asymptotically stable, satisfying condition (A1). Moreover, matrix A is an M-matrix satisfying (A2) and as a result,
Theorem 3.3 holds.

2.2.3. Existence and stability of the endemic steady state, E1
The endemic equilibrium point E1 can be found by setting the equations of model (1) to zero, considering all compart-

ments. The endemic equilibrium point exists when R0 >1 and the stability conditions for the disease-free equilibrium are not
satisfied. Thus, E1 ¼ ðS*h; I*h; E*h;M*

f ; S
*
v ; I

*
v ;C

*
f Þ and we express it in terms of I*v where

S*h
�
I*v
�¼ y4L1e�y1x

b1u2I*v þ y1y4

I*h
�
I*v
�¼ b1u2L1e�y1xI*v�

b1u2I*v þ y1y4
�ðy1 þ d1Þ

E*h
�
I*v
�¼ b1u2rqhL1e�y1xI*v

ðu1 þ y2Þ
�
b1u2I*v þ y1y4

�ðy1 þ d1Þ

M*
f
�
I*v
�¼ b1u1

u2rqhNEL1e�y1xI*v
y3ðu1 þ y2Þ

�
b1u2I*v þ y1y4

�ðy1 þ d1Þ

S*v
�
I*v
� �

b1u2I*v þ y1y4
�
L2

y1y4ðdv þ d2ÞR20I*v þ dv
�
b1u2I*v þ y1y4

�
Cf

*�I*v �¼ u2

y4
I*v

By setting dIv=dt to zero in equations of model (1) and substituting S*v and I*h, we obtain the following expression:�
p1I

*2
v þp2I

*
v þp3

�
I*v ¼0 (5)

where p1 ¼ b1u2ðdv þ d2Þ, p2 ¼ p1y2ðy4ðdv þd2 � R20Þ � 2y2Þ and p3 ¼ y1u2ðdv þ d2Þ½y1u4ðdv þ d2Þð1� y1u2R20Þ þ y1u2�.
Equation (5) has a solution where I*v ¼ 0, corresponding to the disease-free equilibrium. Additionally, the existence of an

endemic equilibrium point is ensured if R0 >1 and I*v∊R þ0, where I*v is given by I*v ¼ p2±
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p2

2�4p1p3

p
2p1

.
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2.2.4. The local stability of the endemic steady state
The condition which determines the threshold for the local stability of the endemic equilibrium, taking into account the

respective parameters and values in the model is provided by the following theorem 3.3.

Theorem 3.3. The endemic equilibrium E1 is locally asymptotically stable if the basic reproduction number R0 > 1, and the

bifurcation parameter u1 ¼ u*
1 satisfies u1 ¼ u*

1 >
y1y2y3y4dvðdvþd2Þðy1þd1Þ

b1b2u2NEqhrL2L1e�y1x�y1y3y4dvðdvþd2Þðy1þd1Þ :

Proof.
We employ the manifold theorem described in Castillo-Chavez and Song, (Castillo-Chavez & Song, 2004), first, we define

the variables as follows: Sh ¼ x1, Ih ¼ x2, Eh ¼ x3,Mf ¼ x4, Sv ¼ x5, Iv ¼ x6, Cf ¼ x7 and themodel (1) is then transformed into

the form dxi
dt ¼ _xi ¼ ð _x1; _x2 _x3; _x4; _x5; _x6; _x7ÞT , where

_x1df1 ¼ L1e
�y1t � b1x1x7 � y1x1 ; _x2df2 ¼ b1x1x7 � ðy1 þ d1Þx2;

_x3df3 ¼ rqhx2 �
�
u*
1 þ y2

�
x3; _x4df4 ¼ NEu

*
1x3 � y3x4;

_x5df5 ¼ L2ðT;RÞ � b2x4x5 � dvx5; _x6df6 ¼ b2x4x5 � ðdv þ d2Þx6;
_x7df7 ¼ u2x6 � y4x7

9>>>>>>>=>>>>>>>;
(6)

The transformedmodel (6) has the same disease-free equilibrium and the reproduction number R0 as for model (1) above.

Let the critical miracidia shedding be u1 ¼ u*
1 ¼ y1y2y3y4dvðdvþd2Þðy1þd1Þ

b1b2u2NEqhrL2L1e�y1x�y1y3y4dvðdvþd2Þðy1þd1Þ as the bifurcation parameter at R0 ¼ 1.

The linearized model (6) evaluated at disease-free equilibrium
ðx1* ¼ L1e�y1x =y1; x2* ¼ 0; x3* ¼ 0; x4* ¼ 0; x5* ¼ L2ðT;RÞ =dv; x6* ¼ 0; x7* ¼ 0Þ with u1 ¼ u*

1, has a simple eigenvalue associ-

ated with a right eigenvector u ¼ ðu1;u2;u3;u4ÞT and a left eigenvector v ¼ ðy1; y2; y3; y4Þ satisfying u:v ¼ 1, where

u1 ¼
�b1x1*

y1
u7 ;u2 ¼

b1x1*

ðy1 þ d1Þ
u7 ;u3 ¼

b1rqhx1
*

ðy1 þ d1Þ
�
u*
1 þ y2

�u7 ;u4 ¼
b1u

*
1rqhNEx1*

ðy1 þ d1Þ
�
u*
1 þ y2

�u7 ;

u5 ¼
b1b2u

*
1rqhNEx1*x5*

y3dvðy1 þ d1Þ
�
u*
1 þ y2

�u7 ;u6 ¼
b1b2u

*
1rqhNEx1*x5*

y3ðdv þ d2Þðy1 þ d1Þ
�
u*
1 þ y2

�u7 ;u7 >0

v1 ¼ � y1; v2 ¼
rqh

ðy1 þ d1Þ
v3 ; v3 > 0; v4 ¼

�
u*
1 þ y2

�
NEu

*
1

v3 ; v5 ¼0; v6 ¼
y3
�
u*
1 þ y2

�
NEu

*
1b2x5

*
v3 ;

v7 ¼
y3
�
u*
1 þ y2

�ðdv þ d2Þ
u1u2b2NEx5*

v3 :

We compute the values of coefficients a and b according to Castillo-Chavez and Song, (Castillo-Chavez & Song, 2004), and
it is shown that at the disease-free equilibrium, the second-order non-zero partial derivatives associatedwithmodel (4) are as
follows:

v2f1
vx1vx7

¼ � b1;
v2f2

vx1vx7
¼ b1;

v2f5
vx4vx5

¼ �b2;
v2f6

vx4vx5
¼ b2;

v2f3
vx3vu*

1
¼ �1;

v2f4
vx3vu*

1
¼ NE

The computation results in

a¼ y3d1b
2
1ðdv þ d2Þ

�
u*
1 þ y2

�
x1*

u1u2b2NEðy1 þ d1Þx1*
u7 >0 (7)

b¼
b1rqh

�
N2
Eu

*
1 � 1

�
x1*

ðy1 þ d1Þ
�
u*
1 þ y2

� u7 v3 (8)

These results in equations (7) and (8) indicate the existence of an endemic equilibrium point that is locally asymptotically
stable (a>0;b>0) when N2

Eu
*
1 >1. Conversely, the equilibrium is unstable when N2

Eu
*
1 <1. The proof of Theorem 3.3 is thus

completed
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2.3. Model datasets and model applicability

To evaluate the suitability and applicability of the model, demographic and climatological data were collected from three
East African countries: Uganda, Kenya, and Tanzania (Home, 2023). These countries, located in the tropical region, are
recognized for their endemicity of schistosomiasis and display awide range of climatic conditions and parameters that have a
substantial impact on disease transmission. The population data for the three countries were obtained from the most recent
UN demographic estimates (https://worldpopulationreview.com/countries) and World Bank statistics (https://data.
worldbank.org/indicator/sp.dyn.le00.in?). These data sources provided valuable information for estimating certain non-
temperature and non-rainfall parameters in the model. For example, Uganda has a population of about 47,264,873 people
with a life expectancy of 58.5 years. Consequently, in a disease-free steady state, the susceptible population is represented by
S0h ¼ L1e�y1x

y1
¼ 47;264;873, where y1 ¼ 1=ðð58:5�365Þ Þ ¼ 0:0000468 per day, resulting in a daily recruitment rate of L1 ¼

2212 individuals. Similarly, Kenya has a population of 54,039,625 with a life expectancy of 64 years, yielding y1 ¼ 1=
ðð64�365Þ Þ ¼ 0:0000428 and L1 ¼ 2;313 new infections per day. Tanzania, with a population of 65,519,777 and a life ex-
pectancy of 62.6 years, has y1 ¼ 1=ðð62:6�365Þ Þ ¼ 0:0000444 and L1 ¼ 2;909 new infections per day. The other non-
temperature and non-rainfall parameters x, d1, and y2 of the model are derived from the literature. For instance, we as-
sume that schistosomiasis typically first infects a child at the age of two (2), corresponding to x ¼ 2� 365 ¼ 730 days. The
lifespan of an adult Schistosoma worm in a human host varies from 3 to 10.5 years according to Fulford et al. (Fulford et al.,
1995) and Colley et al. (Colley et al., 2014), resulting in a range of d1 values from 1=ð10:5�365Þz0:000268 to 1= ð3�365Þz
0:000913 per day. Additionally, the Schistosoma parasite egg remains viable for up to 7 days, hence y2 ¼ 1=7 ¼ 0:14286
represents the per capita death rate of the parasite eggs (Gryseels et al., 2006; Michaels & Prata, 1968).

Furthermore, we determined temperature-dependent parameters using data from field and laboratory studies by Mangal
et al. (Mangal et al., 2008) (SI Table S1) and Kalinda et al. (Kalinda et al., 2017a) (SI Table S2). These studies have demonstrated
that the activity of both snails and Schistosoma parasites is optimized within the temperature range of 20e35 �C. We fitted
temperature regression curves up to five degrees to these data and selected the results with the highest adjusted R-squared
value, R-Sq (adj), along with the corresponding equations. Additionally, we developed functions for temperature- and
precipitation-dependent parameters that influence snail recruitment, following methodologies described in (Okuneye &
Gumel, 2017; Parham & Michael, 2010). These equations were applied to fit the climate data of the three countries. For
parameters not commonly reported, wemade informed assumptions based on expertise and general knowledge of vector and
disease dynamics. The remaining parameters were obtained from the literature (Table 1).

Seasonal climate data for each country were obtained from the most recent World Bank Climatology (Home, 2023, Table
2). The current temperature range and rainfall variation were 21e33 �C and 5e166 mm, respectively, based on the current
climate data presented in Table 2. However, it is projected that by 2050, East Africa will experience a temperature increase of
approximately 2 �C (Home, 2023) due to global warming, and monthly rainfall will vary between 180 and 188 mm (Home,
2023; Ngoma et al., 2021; Najjuma et al., 2021). Based on these projections, we extrapolated rainfall ranges from 4 to
200 mm and a temperature range of 27e35 �C to represent adverse conditions for schistosomiasis transmission in future
scenarios. We divided these ranges into intervals to account for future climate variability in different regions. By using the
partial rank correlation coefficient (PRCC) test, we identified critical parameters that are most sensitive to disease trans-
mission. This allowed us to analyze the relationship between climate change variables such as temperature and precipitation
and the transmission of schistosomiasis, enabling us to simulate infections under hypothetical future conditions.

The numerical analyses and simulations to determine and estimate parameters and expressions for temperature and
precipitation-dependent are carried out in the R statistical environment version 4.0.3 (Team, 2018), using the primary R
package ODE solver Version 1.10e4 for solving ordinary differential equations (Soetaert et al., 2010). The model parameters in

Table 1
Temperature in-variant parameters, their definitions, values per day, and sources. If a parameter is computed using the references listed in the parameter
estimation section, it is referenced as “Estimated”; otherwise, it is “Assumed” based on knowledge and expertise).

Symbol Definition Baseline value Values/day References

L1 Human reproduction rate 2561 2213e2909 Estimated
t Age at first infection in a child 730 730 Estimated
d1 Human mortality due to infection 0.000591 0.000268-0:000913 Estimated
y1 Human mortality rate 0.0000448 0.0000428e0.0000468 Estimated
r Portion of stool per person 115 70e160 g Liang et al. (2005)
qh Number of eggs per gram of stool 262 10-513 g-1 Liang et al. (2005)
u1 Miracidia shedding rate 0.00232 0.00232 Estimated
y2 Parasite egg mortality rate 0.14286 0.14286 Estimated
y4 Cercaria mortality rate 1 1 Mangal et al. (2008)
NE Number of miracidia per parasite egg 500 500 Mangal et al. (2008)
PE Maximum survival probability of egg 0.8 0.8 Assumed
Pj Maximum survival probability of juvenile 0.9 0.9 Assumed
Rm Rainfall threshold 250 250 mm Assumed
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Table 1, the equations for climatic changes in temperature and precipitation from the fitted curves, and climatology data in
Table 2 are used and the results are presented in Section 4 below.

3. Results and numerical simulations

3.1. Impact of temperature and/or rainfall on specific parameters and R0

The fitted curves derived from Table S1 (Mangal et al., 2008) and Table S2 (Kalinda et al., 2017a) establish the relationship
between temperature and/or rainfall with each specific parameter, while the expression in equation (2) represents the
relationship between R0 and the individual parameter. By combining these relationships, we can evaluate the impact of
temperature changes on the value of R0 for specific parameters. First, it is evident from R0 expression in equation (2) that
increasing values of b1ðTÞ,u2ðTÞ, b2ðTÞ, andL2ðT ;RÞ leads to an increase in R0, while increasing values of dvðTÞ, d2ðTÞ, and y3ðTÞ
result in a decrease in R0. Second, we can directly observe the impact of temperature on the transmission dynamics repre-
sented by R0. For instance, the fitted curve for the human infection rate b1ðTÞ is given as

b1ðTÞ¼6:300� 10�3T � 0:0980; (9)

where, db1ðTÞ=dT >0, indicating that human cercaria infection increases linearly with temperature. Consequently, dR0
dT ¼ dR0

db1
:

db1
dT >0, implying that the transmission rate of schistosomiasis will increase with increasing temperature. Moreover, the fitted
curve for shedding of cercariae u2ðTÞ is give as

u2ðTÞ¼394:9 T � 5584:1; (10)

and du2ðTÞ=dT >0. As a result, cercaria is shed more often in places with increasing temperature ranges of 20e35 �C.
Consequently, dR0

dT ¼ dR0
du2

:du2
dT >0, which shows that R0 increases with increasing temperature. The fitted curve for the snail

infection rate, b2ðTÞ, is given by:

b2ðTÞ¼ � 9:830� 10�6T2 þ 6:148� 10�4T � 0:008257; (11)

This curve describes a nonlinear relationship between b2ðTÞ and temperature. The maximum snail infection rate, ac-
cording to this curve, is b2ðTÞ ¼ 0:00136, which occurs at a temperature of T ¼ 31:3oC. Consequently, snail infections increase

and decrease in locations with climatic fluctuations between 20.0 to 31.3 �C and 31.3e35.0 �C, respectively. Therefore, dR0
dT ¼

dR0
db2

:db2
dT shows that the transmission is increasing between 20.0 and 31.3 �C and decreasing between 31.3 and 35.0 �C.

Furthermore, the fitted curve for the snail mortality rate, dvðTÞ, is defined as follows:

dvðTÞ¼1:120� 10�4T2 � 5:208� 10�3T þ 0:06332 (12)

The result of ddvðTÞ=dT shows a minimum at 23.3 �C, indicating that for temperatures between 23.3 and 35 �C, dvðTÞ
increases. On the other hand, for temperatures between 20 and 23.3 �C, dvðTÞ decreases. Therefore, it follows from the formula
dR0
dT ¼ dR0

ddv
:ddv

dT that the transmission decreases for temperatures between 23.3 and 35.0 �C and increases between 20.0 and

23.3 �C.
In addition, the fitted curve for snail infection mortality rate is expressed as:

d2ðTÞ¼8� 10�5T2 � 1:22� 10�3T � 0:00545 (13)

Table 2
The monthly mean, maximum (max.) temperatures (�C) and rainfall (mm) for Uganda (UG), Kenya (KY) and Tanzania (TZ) from World Bank Climatology
Report (Home, 2023).

Countries Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

UG Mean 23.93 24.49 24.45 23.81 23.21 22.71 22.34 22.66 22.91 23.14 23.32 23.16
Max. 31.09 31.61 30.99 29.62 28.79 28.46 28.09 28.47 28.98 29.32 29.64 29.81
Rainfall 50.67 48.82 108.5 157.97 148.23 91.83 91.47 119.33 121.33 154.59 116.02 73.55

KY mean 25.5 26.28 26.74 26.11 25.05 24.06 23.44 23.83 24.59 25.37 25.08 25.03
Max. 32.23 33.22 33.25 31.71 30.43 29.59 28.94 29.4 30.75 31.36 30.73 31.18
Rainfall 31.78 25.36 63.53 134.19 92.52 35.61 31.81 35.06 28.09 77.44 110.48 60.20

TZ mean 23.59 23.7 23.68 23.02 22.28 21.09 20.58 21.64 22.94 24.02 24.07 23.69
Max. 28.68 29.02 28.92 28.01 27.61 27.08 26.89 28.01 29.38 30.24 29.75 28.8
Rainfall 154.76 140.2 165.76 140.61 56.29 10.97 4.99 7.29 15.18 32.55 84.85 144.4
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From equation (13), it can be observed that dd2ðTÞ=dT >0. Therefore, d2ðTÞ increases with increasing temperature.

Consequently, the transmission indicator R0 also increases with temperature in the range of 20 to 35 �C, as indicated by dR0
dT ¼

dR0
dd2

:dd2dT >0: On the other hand, the fitted curve for miracidia mortality rate, y3ðTÞ, is mathematically represented as:

y3ðTÞ¼0:18340T� 1:71; (14)

Similarly, it can be observed that dy3ðTÞ=dT >0. Consequently, in areas where temperatures fluctuate between 20 and

35 �C, the infection of snails withmiracidia increase and according to the expression dR0
dT ¼ dR0

dy3
:dy3dT , the prevalence of the disease

(R0) also rises within the same temperature range.
Moreover, the revised formulation for the snail recruitment rate, L2ðT ;RÞ, assumes that snails can withstand variations in

temperature and precipitation throughout their life stages, starting from the egg stage to the juvenile and adult stages. It is
mathematically represented as:

L2ðT;RÞ¼
EvðTÞ
dvðTÞ:PEðRÞ:PJðT;RÞ:

1
tSðTÞ

; (15)

In equation (15), EvðTÞ represents the number of snail eggs per snail per day, 1=dvðTÞ denotes the average lifespan of adult
snails, PEðTÞ and PJðT ;RÞ represent the daily survival probabilities of eggs and juvenile snails respectively, and tSðTÞ represents
the total time required for a snail to develop from an egg to an adult. It is evident from equation (15) that L2ðT ;RÞ, increases
with higher values of EvðTÞ , PEðRÞ; and PJðT ;RÞ, while increasing values of dvðTÞ, and tSðTÞ result in a decrease in L2ðT ;RÞ. The
impact of temperature and/or rainfall on a specific parameter and snail recruitment rate in equation (15) can be summarized
as follows:

The relationship between the number of snail eggs EvðTÞ, and temperature T , as determined from the equation that best
fits the data in Table S2, can be expressed as

EvðTÞ¼ � 0:09601T2 þ 5:10696T � 59:52573 (16)

By analyzing dEvðTÞ=dT , it can be observed that EvðTÞ increases until it reaches a peak at approximately 27 �C, after which it

starts to decrease. Consequently, based on the formula dL2ðT ;RÞ
dT

¼ dL2ðT ;RÞ
dEvðTÞ :

dEvðTÞ
dT , the snail recruitment rate L2ðT;RÞ increases

within the temperature range of 20 to 27 �C and decreases within the range of 27 to 35 �C.
Additionally, it is important to note that the survival rates of eggs and juvenile snails are influenced independently by both

rainfall and temperature (Parham & Michael, 2010). Therefore, we can express PJðT ;RÞ as the product of temperature-
dependent daily juvenile snail survival probability, PJðTÞ, and rainfall-dependent survival probability, PJðRÞ. Specifically,
PJðTÞ is defined as PJðTÞ ¼ e�yJ ðTÞ, where yJðTÞ represents the temperature-dependent natural mortality rate of juvenile snails,
obtained from a line that best fits the data (SI Table S2). Thus, PJðTÞ can be represented as an exponential function:

PJðTÞ¼ e�ð8:750�10�5T2�3:762�10�3Tþ0:04178Þ (17)

In equation (17), it can be observed that dPJðTÞ=dT indicates that PJðTÞ initially decreases to a minimum around T ¼ 22 �C and
then increases with higher temperatures. Consequently, changes in L2ðT ;RÞ will follow the same trend. In contrast, PiðRÞ
describes the probability of survival for eggs or juvenile snails on a daily basis and in comparison to Parham and Michael,
(Parham & Michael, 2010), we can express PiðRÞ as

PiðRÞ¼
�
4PMi

.
R2L

�
RðRL � RÞ; i¼fE; Jg; (18)

Here, PMi represents the maximum daily survival probability of the egg and juvenile stages, RL represents the maximum
rainfall in the region of interest, and RL >RðtÞ>0. Whenwe set PMi ¼ 0:8 and RL ¼ 200 mm, it can be observed that dPiðRÞ= dR
indicates that PiðRÞ is maximum when the total amount of rainfall received is approximately 125 mm. Therefore, L2ðT ;RÞ
increases with an increase in rainfall up to 125 mm, but decreases with further increases in rainfall. Additionally, the
temperature-dependent egg hatching rate aJðTÞ represents the transition from the egg stage to the juvenile stage, while the
juvenile maturation rate qJðTÞ signifies the transition from the juvenile stage to the adult stage. The regression lines that best
fit the temperature data in SI Table S2 for these rates are represented by equation (19):

aJðTÞ ¼ �0:0031084T2 þ 0:1775496T � 2:3562789
qJðTÞ ¼ �0:0006839T2 þ 0:0385458T � 0:4990643

)
(19)
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Clearly, 1=aJðTÞ and 1=qJðTÞ represents the lengths of time required for an egg to survive before hatching and for a juvenile
snail to mature, respectively. As a result, the total time tSðTÞ needed for a snail cycle to develop from an egg to an adult snail
can be calculated as tSðTÞ ¼ ½aJðTÞ þ qJðTÞ�=aJðTÞ:qJðTÞ.

The snail recruitment rate L2ðT ;RÞ in equation (20) is derived by substituting equations (16)e(19) into equation (15).

L2ðT;RÞ¼
�
� 0:0031084T2 þ 0:1775496T � 2:3562789

�
�
�
� 0:0006839T2 þ 0:0385458T � 0:4990643

�
�
� 0:0031084T2 þ 0:1775496T � 2:3562789

�
þ
�
� 0:0006839T2 þ 0:0385458T � 0:4990643

�
� �0:09601T2 þ 5:10696T � 59:52573
1:120� 10�4T2 � 5:208� 10�3T þ 0:06332

�
�
4PME

.
R2L

�
RðRL � RÞ

�
�
4PMJ

.
R2L

�
RðRL � RÞ

�e�ð8:750�10�5T2�3:762�10�3T� 0:043178Þ (20)

Consequently, equation (20) for L2ðT;RÞ establishes a direct relationship between temperature, rainfall, and the trans-

mission indicator R0. The rate of change of R0 with respect to temperature can be determined by dR0
dT ¼ dL2ðT ;RÞ

dT : dR0
dL2ðT ;RÞ, while

the rate of change of R0 with respect to rainfall can be assessed using dR0
dR ¼ dL2ðT ;RÞ

dR : dR0
dL2ðT ;RÞ. When dR0

dT <0, an increase in

temperature leads to a decrease in R0, particularly in areas affected by global warming. However, when dR0
dT > 0, rising tem-

perature results in both an increase in R0 and the prevalence of the disease. Similarly, if dR0
dR <0, increased precipitation leads to

a decrease in R0, whereas if dR0
dR >0, higher precipitation leads to an increase in R0 and disease prevalence.

The overall impact of temperature and/or rainfall on R0 can be assessed by examining the combined effects of these factors.
The following equations mathematically connect R0 to temperature (T) and precipitation (R)

dR0
dT ;R

¼ db1ðTÞ
dT

:
dR0

db1ðTÞ
þ dL2ðT;RÞ

dT
:

dR0
dL2ðT;RÞ

þ db2ðTÞ
dT

:
dR0

db2ðTÞ
þ ddvðTÞ

dT
:
dR0

ddvðTÞ þ
dd2ðTÞ
dT

:
dR0

dd2ðTÞ

Fig. 2. Fitted models of temperature variant parameters; (a) human infection rate b1ðTÞ, (b) cercaria shedding rate u2ðTÞ, (c) snail infection rate b2ðTÞ, (d) snail
mortality rate dvðTÞ, (e) infected snail mortality rate d2ðTÞ, (f) miracidia death rate, y3ðTÞ against temperature.
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þdy3ðTÞ
dT

:
dR0

dy3ðTÞ
þ du2ðTÞ

dT
:
dR0

du2ðTÞ
þ dL2ðT;RÞ

dR
:

dR0
dL2ðT;RÞ

Furthermore, when both temperature and precipitation increase simultaneously, the combined effects on R0 are deter-

mined by the value of d
2R0

dTdR<0. If d
2R0

dTdR>0, R0 increases as both temperature and precipitation rise. A higher value of R0 indicates
greater challenges in controlling the spread of schistosomiasis, while a lower value of R0 makes it easier to combat the disease.

3.2. Numerical simulations

In this section, numerical simulations of the model system (1) are conducted to provide support, validation, and verifi-
cation of the findings presented in the numerical analysis. Specifically, Fig. 2 illustrates the influence of temperature on
specific parameters within the transmission dynamics of schistosomiasis.

Fig. 3 presents the impact of temperature and rainfall on specific parameters, which in turn affect the rate of snail
recruitment and subsequent changes in disease transmission. Notably, the figure highlights that an increase in rainfall, up to a
threshold of approximately 140 mm, is associated with an elevated probability of survival for both snail eggs and juveniles
(Fig. 3e and f). This observation underscores the importance of rainfall in influencing the reproductive success and population
dynamics of snails, thereby influencing the overall transmission of the disease.

The findings indicate that mean monthly temperatures of 22e27 �C (Table 2) are typical across the three countries. These
temperatures are associated with high rates of schistosomiasis activity of different host snail traits and schistosomes
(Fig. 4AeC; see also SI Figures S1, S3, S5), making them ideal conditions for the development of schistosomiasis and leading to
high reproduction numbers (Fig. 4D). In addition, the human infection rate (Fig. 4A), snail infection rate (Fig. 4B), and snail
recruitment rate (Fig. 4C) all peak around the same time of the year across the three countries. This typically happens during
February and April and between the months of October and November, respectively, when the temperatures range between
23.7 and 26.7 �C. Infection levels in the area are at their lowest in July. The region also experiences monthly maximum
temperatures ranging from 27 to 33 �C (Table 2), which severely restricts the activity of various host snail traits and schis-
tosomes (see SI Figures S2, S4, and S6). As a result, there are generally fewer new cases of schistosomiasis overall in the region
during this season (Fig. 4E).

The three nations have different annual rainfall patterns (Fig. 4F). Schistosomiasis cases increase in Uganda fromMarch to
May until the second rainy season, which lasts through the warm months of June and July and the rainy months of August to
November. During this period, the endemic level of the disease remains almost unchanged until November, the beginning of
the dry season, when numbers tend to decrease. During the dry months from April to July in Tanzania and April to September
in Kenya, schistosomiasis cases decline. In Tanzania, cases begin to rise from August and peak in December and from January

Fig. 3. Fitted model of temperature -and rainfall-dependent parameter simulations for (a) snail egg laying rate, EvðTÞ, (b) snail egg hatching rate aJðTÞ, (c) juvenile
mortality rate yjðTÞ (d) juvenile maturation rate qJðTÞ, (f) egg survival probability PEðRÞ, and (g) juvenile survival probability PjðRÞ.
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to April before they begin to decline. In Kenya, they rise from September to November and from February to April. In addition,
the reproduction numbers in Kenya are so much higher (4D) and (4F) as compared to Tanzania and Uganda is associated with
high rates of juvenile maturation (which enhance snail recruitment; Fig. 4C), cercaria shedding, snail egg laying and hatching
rate (see SI Figures S1, S3, S5).

The schistosomiasis infection patterns are somewhat similar when temperature and rainfall are modelled together, with
lowest values in July and August (Fig. 5A). However, patterns of peaks are different with two peaks for Tanzania and Kenya
with rather similar phases in April (maximum) and a secondmaximum later in the year. A different annual pattern for Uganda
with only one peak and a phase shift of the maximum towards an earlier seasonal peak through December, January till
February. Surprising is the shear drop in Kenya from December to January. Fig. 5B depicts patterns that are quite similar to
those in Fig. 5A for Kenya and Uganda, but behaviors in Tanzania changes after one season of infection, however, with
similarly low case numbers through June, July and August as in Fig. 5A.

Schistosomiasis is a challenge across Tanzania, Kenya and Uganda, especially in March and April. For individual countries,
the three months with the highest rates of infections are April, May, and December in Kenya; February, March, and December
in Uganda; and April, and November in Tanzania (Fig. 5). During these months, the mean and maximum temperatures, and
precipitation values in the three countries increase from 20.6 to 26.1 �C, 26.9e31.7 �C and from 5 to 165 mm, respectively. In
contrast, there are relatively few cases in the three countries in June and July with mean, and maximum temperatures, and
precipitation from 21.1 to 24.1 �C, 26.9e29.4 �C, and from 5.0 to 91.8 mm, respectively. For example, in Uganda, the infection
numbers drop down to almost zero in Jul to Aug, while reproduction rates in Tanzania and Kenya are still around 6 to 7 during
this time of the year (Fig. 5A). The maximum values in Kenya are around 50% higher in the peak season compared to Uganda
and Tanzania (Fig. 5A). A comparison of precipitation with mean monthly temperatures (Fig. 5A) and maximum monthly
temperatures (Fig. 5B) reveals that for Uganda, Tanzania, and Kenya, respectively, the peaks are approximately 9, 11, and 15
infections per day and 6, 7, 13 infections per day, respectively.

3.3. Expected future changes in temperature and precipitation

Tables 3 and 4 outline the temperature-and precipitation-related parameter variations across different future climate
scenarios. Emphasis is placed on scenarios with severe temperatures that negatively impact schistosomiasis activity. Simu-
lation results of crucial parameters for the persistence of schistosomiasis are presented in Table 5.

Fig. 4. Individual seasonal effects of temperature and/or rainfall on (A) human infection rate, (B) snail infection rate, (C) snail recruitment rate, and (D), (E), and
(F) reproduction numbers in Tanzania (blue), Kenya (red), and Uganda (green). For other temperature- and/or precipitation-dependent parameters, see SI Figures
S1eS6.
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In the temperature range of [27, 35]�C, the findings indicate a decrease in parasite eggs, egg hatching rates, juvenile
maturation rates, and snail recruitment rates with increasing temperatures (Table 3).

The findings demonstrate that temperatures ranging from 27 to 33 �C, combined with precipitation levels of 4e150 mm,
create favorable conditions for snail recruitment. However, beyond 150 mm of rainfall, snail recruitment declines (Table 4).

The results of the PRCC test indicate that certain factors, such as the proportion of stools from infected individuals (r), the
number of parasite eggs per gram per day (qh), the miracidia shedding rate per parasite egg ðu1Þ, and the snail recruitment
rate L2ðT;RÞ, will continue to significantly influence disease transmission in the context of climate changes until 2050 (Table
5). An increase in these parameters leads to an elevated transmission of schistosomiasis. Among these factors, L2ðT ;RÞ is the
only parameter that depends on both temperature and precipitation and is the most sensitive to changes. For instance,
temperature ranges between 31 and 35 �C and rainfall levels between 100 and 200 mm, as well as seasons characterized by
4e50 mm of rainfall and temperatures of 27e29 �C, demonstrate that snail recruitment has a substantial impact on the
reproduction number. The findings indicate that temperatures between 27 and 33 �C that occur along with precipitations of
4e150 mm are suitable for snail recruitment. Beyond 150 mm rainfall, snail recruitment declines (Table 4).

4. Discussion

Mechanistic models provide valuable insights into the incidence and burden of infectious diseases such as schistosomiasis.
They enable tracking of short-term and long term effects on disease transmission and are particularly valuable for climate
change assessment and projections. The mechanistic approach used in this study quantifies or understanding of relevant
processes, enhancing confidence in extrapolating to various future conditions. Our model incorporates essential

Fig. 5. Simultaneous effects of precipitation and mean temperature (A) as well as maximum temperatures (B) on reproduction numbers in Uganda (green), Kenya
(red), and Tanzania (blue).

Table 3
Model sensitivity of temperature- and precipitation-dependent parameter values. The full temperature range ½27; 35��C is subdivided into intervals of 2 �C
and the precipitation value is fixed at 100 mm when estimating the effect of temperature alone on snail recruitment rate L2ðT;RÞ, a temperature-and
precipitation dependent parameter. Values are given a ranges and baseline values (*). Other parameter descriptions are given in SI Tables S1 and S2.

Temperature b1(T) b*1 b2(T) b*2 dv (T) d*
v d2(T) d*2 u2ðTÞ u*

2 L2ðTÞ100mm L*
2ðTÞ

27-29 �C 0.0721
e0.0847

0.0784 0.001177
e0.001305

0.00124 0.0044
e0.0065

0.0055 0.0199
e0.0265

0.0232 5078
e5868

5473 43.7989
e27.9302

35.8646

29-31 �C 0.0847
e0.0973

0.091 0.001305
e0.001355

0.00133 0.0065
e0.0095

0.0080 0.0265
e0.0336

0.0301 5868
e6658

6263 27.9302
e14.0545

20.992

31-33 �C 0.0973
e0.1099

0.1036 0.001355
e0.001327

0.00134 0.0095
e0.0134

0.0115 0.0336
e0.0414

0.0375 6658
e7448

7053 14.0545
e4.9372

9.4959

33-35 �C 0.1099
e0.1225

0.1162 0.001327
e00.001177

0.00127 0.0134
e0.0182

0.0158 0.0414
e0.0499

0.0457 7448
e8237

7843 4.9372e0.5657 2.7515

Temperature bv (T) b*v EvðTÞ E*v aJðTÞ a*j yjðTÞ y*j qJðTÞ q*j u3ðTÞ u*3
27-29 �C 3.2418

e3.6086
3.4252 8.3709

e7.8317
8.1013 0.1715

e0.1785
0.1750 0.0039

e0.0062
0.0051 0.0432

e0.0436
0.0434 3.2418

e3.6086
3.4252

29-31 �C 3.6086
e3.9754

3.792 7.8317
e6.5244

7.1781 0.1785
e0.1606

0.1723 0.0062
e0.0092

0.0077 0.0436
e0.0386

0.0411 3.6086
e3.9754

3.7920

31-33 �C 3.9754
e4.3422

4.1588 6.5244
e4.4491

3.9867 0.1606
e0.1178

0.1392 0.0092
e0.0128

0.0110 0.0386
e0.0282

0.0334 3.9754
e4.3422

4.1588

33-35 �C 4.3422e4.709 4.5256 4.4491
e1.6056

3.02735 0.1178
e0.0502

0.1680 0.0128
e0.0172

0.0150 0.0282
e0.0123

0.0203 4.3422
e4.7090

4.5256
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epidemiological and climate-dependent stages for intermediate hosts and Schistosoma parasites. Firstly, our model reveals
that when the reproduction number is less than or equal to unity, a disease-free equilibrium is achieved, which is both locally
and globally asymptotically stable. Conversely, when the reproduction number exceeds unity, a unique endemic equilibrium
arises, which is locally asymptotically stable. Secondly, incorporating both temperature and precipitation into the model
yields a better understanding of schistosomiasis transmission patterns compared to modeling them separately for the
reproduction number of a given month. This demonstrates that the combined influence of temperature and precipitation
provides a more comprehensive explanation of schistosomiasis transmission dynamics. The following discussions will pre-
sent both the individual and combined effects of temperature and precipitation.

4.1. Effect of temperature

The study demonstrates that the transmission potential of schistosomiasis is highly sensitive to changes in the mean and
maximum temperature within the region, leading to variations in the number of cases across seasons andmonths. This aligns
with the well-established understanding that schistosomiasis, being a vector-borne disease, is greatly influenced by climatic
fluctuations (Martens et al., 1995). Schistosomiasis infections exhibit changes in accordance with temperature variations
within the mean monthly temperature range of 22e27 �C. Within this temperature range, there is an increase in human
infection, snail infection rate, snail egg-laying rate, egg hatching, and snail maturation with rising temperatures. These
findings are consistent with previous model-based studies by Ngarakana-Gwasira et al. (Ngarakana-Gwasira et al., 2016),
which propose an optimal temperature range of 18e28 �C for schistosomiasis transmission. Additionally, Malone (Malone,
2005) reports a temperature range of 20e27 �C as ideal for the intramolluscan development of S. mansoni within Bio-
mphalaria spp. snails. Moreover, Marti (Marti, 1986) andManyangadze et al. (Manyangadze et al., 2016) observe an increase in
the snail populationwith a slight temperature rise above 25 �C. Conversely, there are fewer cases of schistosomiasis inmonths
with increasing mean monthly temperatures above 27 �C, corresponding to a decline in schistosomiasis activity. Similarly,
monthly maximum temperatures between 27 and 33 �C are associated with reduced schistosomiasis cases, attributed to
decreased survival of eggs and juveniles, lower rates of human and snail infection, and slower snail maturation. These findings
align with the understanding that higher temperatures are linked to increased snail mortality, reduced fecundity, and hin-
dered snail growth, resulting in a decline in schistosomiasis cases (McCreesh & Booth, 2013; Ngarakana-Gwasira et al., 2016;
Kalinda et al., 2017b).

4.2. Effects of precipitation

The availability of suitable snail breeding sites, primarily in surface water such as ponds, is largely influenced by pre-
cipitation (Xue et al., 2011). Our findings suggest that moderate precipitation ranging from 5 to 150 mmmay contribute to an
increase in the number of schistosomiasis cases. This is associated with a higher snail recruitment rate, as snail eggs and
juveniles have a greater chance of survival under such conditions. These results are consistent with previous studies that have
shown a positive correlation between precipitation, the distribution of intermediate host snails, and the spread of schisto-
somiasis (Codjoe & Larbi, 2016; Stensgaard et al., 2016; Tabo et al., 2022; Xue et al., 2011). On the other hand, rainfall
exceeding 150 mm has a suppressive effect on schistosomiasis transmission. This is attributed to a reduction in snail
recruitment due to decreased survival of snail eggs and juveniles. This finding is supported by evidence demonstrating that
decreased schistosomiasis cases result from increased streamflow velocities and associated habitat disturbance, which
negatively impact the recruitment and survival of cercariae, miracidia, snail eggs, and juveniles (Adekiya et al., 2020; Xue
et al., 2011). Furthermore, during the rainy season, there is a potential decrease in activities related to infested water, such
as swimming, fishing, sports, and water collection for household use, due to flood-related risks. This could also contribute to a
reduction in schistosomiasis transmission.

Table 4
Effects of precipitation at constant temperatures in the range of 27e35 �C on the snail recruitment rate. To account for variations between regions,
precipitation of 4e200 mm is split into intervals of 50 mm.

T/�C R/mm L2ðT;RÞ L*
2ðT;RÞ T/�C R/mm L2ðT ;RÞ L*

2ðT ;RÞ
4e50 0.1885e12.4134 6.3009 4e50 0.0605e2.1943 1.1274

27-29 �C 50e100 19.4662e27.9302 23.6982 31-33 �C 50e100 6.2465e4.9372 5.5919
100e150 43.7989e27.9302 21.8995 100e150 14.0545e4.9372 9.4959
150e200 43.7989e12.4134 28.1062 150e200 14.0545e2.1943 8.1244

4e50 0.1202e6.2465 3.1834 4e50 0.0212e0.2514 0.13630
29-31 �C 50e100 12.4134e14.0545 13.2339 33-35 �C 50e100 2.1943e0.5657 1.3800

100e150 27.9302e14.0545 20.9924 100e150 4.9372e0.5657 2.751
150e200 27.9302e6.2465 17.0884 150e200 4.9372e0.2514 2.5943
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4.3. Effects of temperature and precipitation

Our study highlights the importance of suitable
monthly temperature and precipitation conditions
in maximizing the transmission of schistosomiasis.
These findings support previous research indicating
that temperature and precipitation play crucial
roles in species richness (Hauffe et al., 2016), the
distribution of intermediate host snails (Tabo et al.,
2022), and the size of snail populations, ultimately
influencing disease transmission patterns and
spread (McCreesh & Booth, 2013; Stensgaard et al.,
2016). We demonstrate that regions in Uganda,
Tanzania, and Kenya are most susceptible to schis-
tosomiasis transmission and spread when they
experience temperature variations within the range
of 20e27 �C and varying levels of rainfall between 5
and 140mm. This aligns with observations made by
Martens et al. (Martens et al., 1995), McCreesh and
Booth (McCreesh & Booth, 2013), and Stensgaard
et al. (Stensgaard et al., 2016), highlighting the
favorable conditions for schistosomiasis trans-
mission resulting from climate change when these
specific hydrometeorological conditions are met.
Interestingly, our results indicate that regions with
adverse temperatures exceeding 27 �C, which are
typically known to limit schistosomiasis trans-
mission, may still facilitate disease development
when accompanied by suitable precipitation. In
such regions characterized by a combination of dry
and wet weather conditions, episodes of precipi-
tation followed by a drop in temperatures below
27 �C create favorable environmental conditions for
schistosomiasis transmission. However, it is worth
noting that certain ranges of precipitation variation
may have no discernible effect on temperature and
may even limit the development of schistosomiasis,
resulting in a decline in reported cases. This
observation provides corroboration for the findings
in the scientific literature, which propose that
certain weather patterns may not favor schistoso-
miasis transmission due to their limited influence
on average temperatures in specific regions (Mas-
Coma et al., 2009; McCreesh & Booth, 2013; Van
der Wiel & Bintanja, 2021; Tabo et al., 2023).
When considered collectively, the transmission
dynamics of schistosomiasis are susceptible to
seasonal variations influenced by climate factors,
potentially exerting significant effects on the effi-
cacy of control and elimination endeavors.

4.4. Future trend of schistosomiasis

The impact of climate change on schistosomiasis
transmission and control measures varies depend-
ing on the frequency, temporal distribution, and
range of temperature and rainfall events. Climate
change-induced increases in snail recruitment rates
are expected to lead to higher schistosomiasis cases
during specific seasons. This finding aligns with
analogous models that predict the expansion ofTa
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schistosomiasis into cooler regions and the potential for increased transmission in the future (Martens et al., 1995; McCreesh
et al., 2015). Our model results suggest that seasons characterized by high snail recruitment rates present optimal oppor-
tunities to intensify intermediate host snail control efforts. However, in regions experiencing precipitation levels ranging
from 50 to 150 mm and average temperature fluctuations between 27 and 35 �C, the PRCC test results indicate that snail
recruitment rate values remain constrained andmay not significantly drive schistosomiasis occurrence. This suggests that the
impact of precipitation fluctuations within this range on the temperature-constrained snail recruitment is minimal,
consistent with observations that rainfall between 50 and 150 mm is negatively correlated with a low number of S. mansoni
patients (Xue et al., 2011). In summary, our parameterized models of schistosomiasis and climate dynamics provide insights
into regions that may become more conducive to the spread of the disease in the future. This information is valuable for
identifying areas that may require heightened surveillance and targeted control interventions to mitigate the potential
impact of climate change on schistosomiasis transmission.

4.5. Model limitations/methodological implication and future research

It is important to acknowledge the limitations of our study. Firstly, the parameter values utilized in our model, which
represent the biological aspects and real-life scenarios of schistosomiasis transmission, were sourced from the published
literature. Consequently, inconsistencies and variability may exist within the data collected under diverse conditions,
introducing potential uncertainties and biases into our model results. Nonetheless, the mathematical model employed in our
manuscript offers a robust framework for comprehending the interplay between temperature, rainfall, and schistosomiasis
transmission dynamics. It serves as a quantitative framework, with baseline parameter values providing a reasonable
approximation, thereby enhancing our understanding of the impact of climate factors, seasons, and timing of interventions.
By accurately predicting disease outbreaks, we facilitate the assessment of appropriate intervention strategies during specific
months and seasons. Furthermore, this model has global applicability, extending its usefulness to diverse regions worldwide.
In addition, our transmission model has been autonomous under static conditions. Despite insights gained, it is not
exhaustive, and environmental variability and uncertainty persist. These result from natural fluctuations, parameter esti-
mation, or external data sources. Fully addressing uncertainty and variability exceeds the scope of this paper. Future research
should extend to a non-autonomousmodel, treating temperature and rainfall as dynamic variables. This extendedmodel may
introduce compartments for exposed, latent, and immature/juvenile snail populations and explore additional control mea-
sures other than climate.

5. Conclusion

Understanding the impact of climate change on schistosomiasis transmission requires considering the individual and
combined effects of temperature and precipitation. When examined separately, the findings indicated that increasing mean
monthly temperatures are associated with higher schistosomiasis cases, while increasing maximum monthly temperatures
are linked to a decrease in cases. Additionally, a threshold level of rainfall is necessary to reduce the burden of schistosomiasis.
However, the highest disease burden occurs when favorable temperature and precipitation conditions coincide, leading to
increased prevalence of intermediate hosts, higher human and snail infection rates, enhanced survival of snail eggs and
juveniles, and increased snail egg laying and hatching rates. These conditions also provide optimal opportunities for
implementing control measures. Our model effectively identifies hydrometeorological conditions that increase the trans-
mission risk of schistosomiasis, making it a valuable tool for predicting the spatial distribution of the disease under climate
change and developing management strategies. This study contributes to the understanding of schistosomiasis transmission
dynamics in the context of climate change and provides insights for policymakers to make informed decisions regarding
disease control. Future research should explore the contrast between climate-driven management of snail vectors and
schistosomiasis control strategies. Moreover, incorporating spatially explicit transmission models will enhance predictions of
disease persistence and spread.
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Abstract: One of the most deadly neglected tropical diseases known to man is schistosomiasis.
Understanding how the disease spreads and evaluating the relevant control strategies are key steps
in predicting its spread. We propose a mathematical model to evaluate the potential impact of four
strategies: chemotherapy, awareness programs, the mechanical removal of snails and molluscicides,
and the impact of a change in temperature on different molluscicide performances based on their
half-lives and the length of time they persist in contact with target species. The results show that the
recruitment rate of humans and the presence of cercaria and miracidia parasites are crucial factors in
disease transmission. However, schistosomiasis can be entirely eradicated by combining all of the
four strategies. In the face of climate change and molluscicide degradation, the results show that
increasing the temperatures and the number of days a molluscicide persists in the environment before
it completely degrades decreases the chemically induced mortality rate of snails while increasing
the half-life of different molluscicides increases the death rate of snails. Therefore, eradicating
schistosomiasis effectively necessitates a comprehensive integration of all preventative measures.
Moreover, regions with different weather patterns and seasonal climates need strategies that have
been adapted in terms of the appropriate molluscicide and time intervals for reapplication and
effective schistosomiasis control.

Keywords: chemotherapy; public literacy; mechanical removal of snails; molluscicide performance;
temperature; molluscicide degradation; half-life

MSC: 92B05

1. Introduction

Schistosomiasis is the second-most significant neglected tropical disease (NTD), a
physically debilitating and persistent disease [1,2] that leads to severe morbidity and al-
most 12,000 deaths globally, of which at least 90% are from sub-Saharan Africa [2]. Human
schistosomiasis infection caused by Trematoda worms depends on the availability of suit-
able freshwater intermediate host snails (IHs) and the final human host to be transmitted [3].
The main symptoms of infection include skin rash and itching, fever, cough, muscle pain,
bloody urine, and growth retardation in children [2], while severe cases can lead to damage
and failure of the liver, bladder, lungs, and intestines [1,2]. Unfortunately, unlike most
NTDs, including lymphatic filariasis, leprosy, and leishmaniasis, there are currently no
recommendations for intensive disease management for schistosomiasis [4], and current
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disease control strategies rely on mass drug administration (MDA) chemotherapy, which,
at times, is combined with health education [5,6]. Although there has been a success in the
implementation of chemotherapy, especially in Africa [7,8], this may have limited the imple-
mentation of new methods to interrupt parasite transmission through snail control, leading
to a resurgence of the disease following drug treatment and education efforts [6,9,10].
Therefore, there is a need to recast the current and future schistosomiasis control strategies
to focus on integrated measures and enhanced surveillance response to both changes in
infection and snail abundance.

Various methods have been employed in the control of schistosomiasis. For instance,
intermediate hosts (IHs) can be controlled through biological, chemical/molluscicides,
or environmental/ecological methods [11–13]. Biological measures include the use of
predators and competitor snails [12], while chemical control measures consider the use of
molluscicides to reduce IH density and abundance [14,15]. The use of molluscicides and
their effectiveness has been observed to depend on their proper concentration, half-life,
technique and timing of application, and length of contact time with target species, as well
as the temperature of the environment where the chemical is released [16]. In addition,
environmental/ecological strategies are used to lower the density and abundance of IHs
and the risks of snail-to-human transmission (referred to as the mechanical control approach
in this study). The approach includes excavating deep channels that act as dry buriers
for snails to spread to other water outlets, increasing the flow velocity in irrigation canals,
and picking IHs out of the system. Other ways include adopting appropriate cultivation
methods, such as shorter fallow times, modifying irrigation techniques, and regulating
flooding [11,17].

With the predicted change in global temperature due to climate change, mathemat-
ical models have become valuable tools for exploring various infection and control sce-
narios as they provide both theoretical and practical insights into the epidemiology of
infectious diseases. In understanding the transmission and control dynamics of schisto-
somiasis, different models have been used to create a range of transmission and control
outcomes. These models explore dynamics, including free-living parasites, miracidia, and
cercariae [18], chemotherapy treatment using praziquantel drugs and the removal of snails
and cercariae [19], the impact of public literacy and snail control parameters [20], as well
as health education and molluscicides [21].

Our study examines whether molluscicides and/or mechanical control for snail man-
agement, combined with mass drug administration and/or health education, can eliminate
schistosomiasis. In addition, we postulate that the temperature rise, as predicted by climate
change models [22–24], will strongly influence the use of chemicals/molluscicides, and
their performance against the target species [25,26] and the general transmission dynamics
of the disease. As such, it is important to understand how temperature affects molluscicide
usage for the control of schistosomiasis. This can help in the identification and control of
chemical-induced environmental hazards that could be harmful to even nontarget species
and human health under various environmental conditions [27–30]. The current study will
evaluate four controls: mass drug administration/chemotherapy, public literacy, mechan-
ical measures, and chemicals/molluscicides to find the most effective way to eradicate
schistosomiasis. In addition, the evaluation includes the effects of temperature rise on
various molluscicide performances based on half-lives and contact durations with the
targeted species.

2. Materials and Methods
2.1. Schistosomiasis Model Formulation

The dynamics of schistosomiasis [2,3] and stages of intervention strategies are the basis
for model formulation (Figure 1). The deterministic model formulated and represented
by ordinary differential equations (ODEs) (Equations (1)–(7)) is a modification of those
presented by Abokwara and Madubueze [20] and Nur et al. [21], and it is based on the
compartment diagram (Figure 1). A population is represented by state time variables that
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are associated with the various compartment models and change over time according
to the interaction rules. t: the time variable for the sizes of susceptible humans; Sh(t):
infected human; Ih(t) : eggs released from infected humans; Eh(t): free-living miracidia;
M f (t): susceptible snail vector; Sv(t): infected snail vector; Iv(t): free-living cercariae C f (t)
(Figure 1). The parameters of the model are based on the abiotic and biotic aspects of the
Schistosoma cycle and transmission, namely the contact rates between the hosts and the
free-living cercaria/miracidia population in water and the effective mortality rates.
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Figure 1. Transmission dynamics of schistosomiasis in (a) human definitive hosts (susceptible
human Sh; infected human Ih), (b) schistosomiasis parasite forms (cercariae C f ; parasite eggs Eh;
miracidia M f ), and (c) intermediate host snails (susceptible snail Sv; and infected snail Iv). The
blue dotted arrows represent the interaction between free-living schistosomiasis parasites and the
respective hosts. All parameters are as defined in Section 2.1, and the control parameters are shown
in blue.

The population of susceptible human hosts Sh in the model system, Equation (1),
increases by an exponential recruitment rate of Λ1e−υ1x, where Λ1 is the maximum per
capita birth rate/immigration rate (recruitment rate) of human individuals, υ1 is the natural
mortality rate of humans, and x is the initial age of infection in children. Susceptible
human hosts, Sh, are infected only by contact with cercariae in an infested freshwater
environment at a rate β1 per contact. The saturation incidence is a Holling-type II function,
which relates the rate of infection transmission and the inhibitory effect, where Co is the
saturation coefficient that represents the transmissibility of infection due to the crowding
effect of the cercariae, and ε is the limitation of the growth velocity (density) of the cercaria
in contaminated freshwater. Thus, model system, Equation (2) represents the infected
humans, Ih. Moreover, due to schistosomiasis infection, infected people die at a rate of δ1.
Thus, our model incorporates chemotherapy treatment for deworming schistosome worms
in the infected human body and to stop or limit the release of parasite eggs through urine
and feces. We assume that treated infected individuals recover at a rate of ψ and return to
the susceptible class because there is no lasting immunity to schistosomiasis, and reinfection
is inevitable [9,31]. In addition, public literacy strategy is considered and represented by
the parameters α, αhε[0, 1], where α is the proportion of people with knowledge/awareness
about schistosomiasis, and αh is the effectiveness of acquired knowledge. This control
method focuses on managing the human population by providing access to clean water
and improving sanitation and hygiene (WASH) to lower the number of humans being
infected [32].

When infected humans Ih indiscriminately release parasite eggs through urine/feces
into the environment, their population size increases logistically, as shown in Equation (3).

72



Mathematics 2023, 11, 2609 4 of 18

Where ρ (in grams) is the portion of stool/urine per infected person due to open defecation
or urination. θh is the number of parasite eggs per gram of stool and/or urine, and K is the
carrying capacity of the parasite eggs in the environment. The term (1− ααh) represents
the public literacy impact in reducing the portion of urine/feces ρ. It describes the impact of
public literacy on the density of parasite eggs directly or indirectly deposited in freshwater
and lowers the likelihood of human-to-snail transmission. The indirectly deposited parasite
eggs find their way into a freshwater source. Each parasite egg Eh hatches, releasing NE
miracidia per parasite egg at a rate ω1 under suitable conditions, or dies naturally at a rate
υ3 when there is no IHs to penetrate, as represented in miracidia population dynamics in
Equation (4).

In the model system, Equation (5), the snail host population Sv is recruited at a rate Λ2
and is infected due to contact with miracidia at a saturation incidence given the saturation
coefficient for miracidia infectivity Mo and ε the limitation of the growth velocity of the
miracidia. β2 is the rate of miracidia-to-snail transmission per contact. Both susceptible Sv
and infected IH snails Iv die naturally at a rate υ2, but the infected snail (in Equation (6) may
also die at a rate of δ2 due to infection host. Infected snails Iv that survive release infectious
cercariae C f at a rate of ω2, capable of invading and infecting humans, or dying naturally
at a rate of u5 in the absence of a human host, see Equation (7). Thus, we incorporated a
snail management strategy through the mechanical measure, represented by parameter
b, αv ε [0, 1], where b is the proportion of snail density removed and eliminated from the
system, and αv is the effectiveness of such snail management practice. Thus, the impact of
a mechanical measure (1− bαv) reduces β2 [20,21].

In addition, we assume that the application of molluscicides into the environment
causes susceptible and infected IHs to die at a chemical-induced death rate of σs ε [0, 1]
and σIε[0, 1], respectively. Furthermore, molluscicides also reduce viability and cause the
deaths of infective cercaria and miracidia at a rate of σm ε [0, 1] and σc ε [0, 1], respectively.

Thus, the model equations incorporating terms for control strategies highlighted in
blue are given as follows:

.
Sh(t) = Λ1e−υ1x + ψIh −

(1− ααh)β1ShC f

Co + εC f
− υ1Sh, (1)

.
Ih(t) =

(1− ααh)β1ShC f

Co + εC f
− (υ1 + δ1 + ψ)Ih, (2)

.
Eh(t) = ρθh(1− ααh)Ih

(
1− Eh

K

)
− (ω1 + υ3)Eh, (3)

.
M f (t) = NEω1Eh − (υ4 + σm)M f , (4)

.
Sv(t) = Λ2 −

(1− bαv)β2M f Sv

Mo + εM f
− (υ2 + σs)Sv, (5)

.
Iv(t) =

(1− bαv)β2M f Sv

Mo + εM f
− (υ2 + δ2 + σI)Iv, (6)

.
C f (t) = ω2 Iv − (υ5 + σc)C f . (7)

2.2. Temperature Control

Temperature is a crucial factor for the timing of molluscicide application [16] because
molluscicide efficacy is temperature-dependent [33]. The temperature has a significant
effect on how quickly the half-lives of molluscicide decrease in water [27]. This has a
great influence on the chemical-induced death rates σs, σI , σm, and σc and can determine
the rate of transmission of the disease. We examine and evaluate the effectiveness of
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temperature-dependent molluscicides on the death rates of targeted species. We derive
the environmentally dependent chemical-induced deaths of species, where the effect of
temperature can be reliably predicted using an Arrhenius equation [27,28,34]. The Arrhe-
nius equation proposed and updated by the European Chemicals Agency, ECHA [29,30] to
modify the half-life t1/2(T) at any temperature T of the environment is given as

t1/2(T) = t1/2(To)e0.08[To−T] (8)

where t1/2(To) is the factory-predetermined half-life of the chemical at the experimental
temperature To. The preferred experimental temperature in most of the chemicals is
To = 20

◦
C [27,35]. Furthermore, we assume that chemically induced mortalities (σs, σI , σm, σc)

decrease exponentially with time t according to the following expressions:

σs,I,m,c = σ′s,I,m,ce−kt (9)

where σ′s , σ′I , σ′m, and σ′c are the maximum mortality rates on the first day (t = 0) when the
molluscicide is applied in the water. k, is the exponential decay constant of the mortality
rate at degradation time t. The terms σ′s , σ′I , σ′m and σ′c were determined from the withdrawal
terms (dv + σs), (dv + δ2 + σI), (υ3 + σm), and (υ4 + σc) present in the dynamics of IHs and
parasite populations in the absence of humans (Equations (4)–(7)). A maximum value of
one (1) is assumed for each term, the same approach as in Carvalho et al. [36]. Furthermore,
we link k to the half-life (t1/2) of the chemical released by using the following equation:

t1/2 = In2/k (10)

where 1/k is the typical time the chemical persists in the environment and is, therefore, in
contact with the HIs, the Schistosoma parasites, and other nontarget species. The results
of substituting σ′s, σ′I , and k and substituting Equations (8) and (10) into Equation (9) are
shown in Table 1.

Table 1. The continuously exponentially decreasing mortality rates for intermediate hosts and
Schistosoma parasite forms, as functions of the half-life of the chemical t1/2, the temperature T of the
environment in which the chemical is released, and the duration t for which the targeted species are
exposed to the chemicals.

Intermediate Hosts Schistosoma Parasite Forms

Susceptible snails Free-living miracidia

σS = (1− dv)e
− ln 2

t1/2 ·e
0.08[20−T] t

σM = (1− υ3)e
− ln 2

t1/2e0.08[20−T] t

Infected snails Free-living cercaria

σI = (1− dv − δ2)e
− ln 2

t1/2e0.08[20−T] t
σC = (1− υ4)e

− ln 2
t1/2e0.08[20−T] t

Thus, chemical control guarantees the elimination of all three water-dwelling schis-
tosomiasis agents [16]. Furthermore, based on Matthies and Beulke [27] and the European
Commission [37], the chemical is nonpersistent (NP) in the environment when t1/2 = 3.1− 40,
persistent (P) when t1/2 = 41− 60, and very persistent (VP) when t1/2 = 61− 232. Based on
this information, we discriminate the effects of different chemical performances based on their
different half-lives t1/2, degradation k, and length of chemical exposure 1/k on the death rate
of the targeted species.

It is worth noting that in our model, we assume that chemotherapy treatment reduces
disease morbidity among humans while molluscicide increases the mortality of IHs. Public
literacy and mechanical control are management strategies for humans and snails, respec-
tively, that directly and extrinsically prevent the likelihood of parasite-host contact for
the transmission of schistosomiasis. Furthermore, there is no vertical transmission of the
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disease to humans nor immigration to the infected individuals. Infected snails are unable to
reproduce as a side effect of infection and may die more frequently than susceptible snails.

This paper presents the model analysis first, showing that the model is epidemiologi-
cally meaningful, realistic, and of interest in a certain invariant region Ω (Appendix A). We
then derive the reproduction number (Section 2.3) and show the steady states (Section 2.4).

2.3. Reproduction Number

In epidemiology, one of the most reliable indicators of infection risk is the basic
reproduction number R0, which is the average number of new cases of infection caused by
an infectious individual in a fully susceptible population [38]. We derived R0 by rewriting
the model system (Equations (1)–(7)), following Chavez et al. [39], into three components:
the number of susceptible individuals (U), the infected schistosomiasis agents that cannot
transmit the infection (V), and the infected schistosomiasis agents that transmit the disease
(W), as follows: 

dU
dt = f (U, V, W)
dV
dt = g(U, V, W)

dW
dt = H(U, V, W)

where U = (Sh, Sv), V = (Eh, Ih, IV), and W =
(

M f , C f

)
. We let U0 = (U *, 0, 0) repre-

sent disease-free at U0 such that,
∼
g(U*, Z) = (

∼
g1(U

*
, W),

∼
g2(U

*
, W)), where

∼
g1(U

*
, W) =

ρθh β1Λ1(1−ααh)
2e−υ1xC f

υ1Co(ω1+υ3)(υ1+δ1+ψ)+(1−ααh)β1{υ1(υ1+δ1+ψ)(ω1+υ3)+ρθh(1−ααh)Λ2}C f
, and

∼
g2(U

*
, W) =

(1−bαv)β2Λ2 M f

υ2(υ2+δ2+σI)(Mo+εM f )
. Suppose, A = DVh(U *,

∼
g(U *, 0)), then A is given by

A =

 −(υ4 + σm)
ρθh NEω1β1Λ1(1−ααh)

2e−υ1x

υ1Co(ω1+υ3)(υ1+δ1+ψ)
(1−bαv)ω2β2Λ2

υ2 Mo(υ2+δ2+σI)
−(υ5 + σc)


Following the next-generation matrix, an approach used by van den Driessche and

Watmough [40], and the concept of reproduction numbers by Diekmann et al. [38], the
matrix A can be rewritten as A = F−V, with F ≥ 0 (i.e., fij ≥ 0) and V > 0, a diagonal
matrix, where

F =

 0 ρθh NEω1β1Λ1(1−ααh)
2e−υ1x

υ1Co(ω1+υ3)(υ1+δ1+ψ)
(1−bαv)ω2β2Λ2

υ2 Mo(υ2+δ2+σI)
0

, V =

[
(υ4 + σm) 0

0
(
υ5 + σp

)]

The basic reproduction number is the spectral radius (dominant eigenvalue) of the
matrix FV−1 given by

R0 = ρ
(

FV−1
)
=

√√√√( ρθh NEω1ω2β1β2Λ1Λ2(1− bαv)(1− ααh)
2e−υ1x

υ1υ2 MoCo(υ1 + δ1 + ψ)(υ2 + δ2 + σI)(ω1 + υ3)(υ4 + σm)(υ5 + σc)

)

2.4. Steady State

We show that the model system, Equations (1)–(7) have a disease-free state (E0) and
an endemic steady state E1, where

E0 =
(

S∗h , I∗h , E∗h , M∗f S∗v , I∗v , C∗f
)
=

(
Λ1e−υ1x

υ1
, 0, 0, 0,

Λ2

υ2
, 0, 0

)
It always exists inR7

+0 provided R0 < 1.
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E1 =
(

S1
h, I1

h , E1
h, M1

f S1
v, I1

v , C1
f

)
is expressed in terms of I1

v and E1
h by

S1
h

(
I1
v

)
=

(υ1 + δ1 + ψ)Λ1
[
(υ5 + σc)Co + ω2εI1

v
]

(υ1 + δ1 + ψ)(υ5 + σc)Co + ω2[(υ1 + δ1 + ψ)((1− ααh)β1 + ε)− ψ(1− ααh)β1]I1
v

,

I1
h
(

I1
v
)
=

β1ω2(1−ααh)(υ1+δ1+ψ)Λ1[(υ5+σc)Co+ω2εI1
v ]I1

v

(υ1+δ1+ψ)((υ5+σc)Co+ω2 I1
v){(υ1+δ1+ψ)(υ5+σc)Co+ω2[(υ1+δ1+ψ)((1−ααh)β1+ε)−ψ(1−ααh)β1]I1

v}

E1
h
(

I1
v
)
=

β1ω2ρθhK(1−ααh)(υ1+δ1+ψ)Λ1[(υ5+σc)Co+ω2εI1
v ]I1

v

(υ1+δ1+ψ)

(
(υ5 + σc)(ω1 + υ3)KCo+

((ω1 + υ3)Kω2 + ρθh(1− ααh)ω2)I1
v

){
(υ1 + δ1 + ψ)(υ5 + σc)Co+

ω2[(υ1 + δ1 + ψ)((1− ααh)β1 + ε)− ψ(1− ααh)β1]I1
v

}

M1
f
(

I1
v
)
=

β1ω2ρθhKNEω1(1−ααh)(υ1+δ1+ψ)Λ1[(υ5+σc)Co+ω2εI1
v ]I1

v

(υ1+δ1+ψ)(υ4+σm)

(
(υ5 + σc)(ω1 + υ3)KCo+

((ω1 + υ3)Kω2 + ρθh(1− ααh)ω2)I1
v

){
(υ1 + δ1 + ψ)(υ5 + σc)Co+

ω2[(υ1 + δ1 + ψ)((1− ααh)β1 + ε)− ψ(1− ααh)β1]I1
v

}

S1
v
(
E1

h
(

I1
v
))

=
Λ2 Mo+Λ2εE1

h(I1
v)

(υ2+σs)Mo+((υ2+σs)ε+(1−bαv)β2)E1
h(I1

v)

C1
f
(

I1
v
)
= ω2 I1

v
(υ5+σc)

when
.

Iv(t)= 0, we solved I1
v using Equation (6) of the model Equations (1)–(7), and

this leads to the substitution of S1
v
(
E1

h
(

I1
v
))

and M1
f
(

I1
v
)
, which yields Equation (11) below.(

a4 I14

v + a3 I13

v + a2 I12

v + a1 I1
v + a0

)
I1
v = 0 (11)

where
a0 = d1d2d3d4d5d6C0 M0KΛ1 − Kk1k2k3k4ω2d1d6 M0Λ1·Kd1d2d3ω2d6εC0 M0Λ1Λ2

a1 = d5(d1d2d3d4d5d6C0 M0KΛ1 + M0C0d3d4d6Λ1(Kd1d2ω2 + k1k2ω2) + εω2 M0C0d6d4d3d1KΛ1

+εΛ2Kk1k2k3ω2C0d1d6Λ1)− Kk1k2k3k4ω2d1d6 M0Λ1

−Kk1k2k3k4ω2d1εC0Λ1·Kd1d2d3ω2d6εC0 M0Λ1Λ2

a2 = d5(d1d2d3d4d5d6C0 M0KΛ1 + M0C0d3d4d6Λ1(Kd1d2ω2 + k1k2ω2) + εω2 M0C0d6d4d3d1KΛ1

+εΛ2Kk1k2k3ω2C0d1d6Λ1 + M0C0d3d4d6Λ1(Kd1d2ω2 + k1k2ω2) + εKk1k2k3ω2C0d1d6Λ1)

−εM0C0d1d6Λ1Λ2(Kd1d2ω2 + k1k2ω2) + M0C0d1d2
2d2

3KΛ2

+εΛ2Kk1k2k3ω2C0d1d6Λ1(Kk1k2k3k4ω2d1d6 M0Λ1 + Kk1k2k3k4ω2d1εC0Λ1)

a3 = d5(M0C0d3d4d6Λ1(Kd1d2ω2 + k1k2ω2) + εω2 M0C0d6d4d3d1KΛ1 + εΛ2Kk1k2k3ω2C0d1d6Λ1

+M0C0d3d4d6Λ1(Kd1d2ω2 + k1k2ω2) + εKk1k2k3ω2C0d1d6Λ1)

−Kk1k2k3k4ω2d1εC0Λ1·(M0d1d3εω2Λ1Λ2(Kd1d2ω2 + k1k2ω2) + εKk1k2k3ω2C0d1d6Λ1)

a4 = d5(M0C0d3d4d6Λ1(Kd1d2ω2 + k1k2ω2) + εKk1k2k3ω2C0d1d6Λ1)(M0C0d3d4d6Λ1(Kd1d2ω2 + k1k2ω2)

+εω2 M0C0d6d4d3d1KΛ1)

k1 = (1− ααh)β1, k2 = ρθh(1− ααh), k3 = NEω1, k4 = (1− bαv)β2, d1 = (υ1 + δ1 + ψ),

d2 = (ω1 + υ3), d3 = (υ4 + σm), d4 = (υ2 + σs), d5 = (υ2 + δ2 + σI), d6 = (υ5 + σc).
Equation (11) has one of the solutions I1

v = 0, which corresponds to a disease-free equilib-
rium. Other solutions can be determined according to the sign rule of Descartes [41], which
states that depending on the change in the sign of the coefficients, a0, a1, a2, and a3, 3, 2,
or 1 positive solutions exist; thus, the proof for existing conditions for E1 for the model
Equations (1)–(7) is complete.

In addition, the stability of the model system depends on the parameters used to build
the model and the changes in these parameters affect R0, with numerous scientific and
biological implications for the transmission and control of the disease. For instance, if we
use β1 = β∗ as the bifurcation parameter for model Equations (1)–(7), then R0 = 1 and

76



Mathematics 2023, 11, 2609 8 of 18

β∗ =
υ1υ2MoCo(υ1 + δ1 + ψ)(υ2 + δ2 + σI)(ω1 + υ3)(υ4 + σm)(υ5 + σc)

ρθhNEω1ω2β2Λ1Λ2(1− bαv)(1− ααh)
2e−υ1x

is the crucial bifurcation value for cercaria-to-human transmission. When R0 < 1 and
β1 < β∗, for instance, only the asymptotically stable disease-free equilibrium point (E0)
can exist, and R0 provides conditions for disease extinction. The disease-free equilibrium
is unstable, whereas the endemic equilibrium ( E1) is asymptotically stable, and both
equilibrium points exist when R0 > 1 and β1 > β∗ [40], and in this case, R0 provides
the conditions for the disease to persist. Thus, the asymptotic dynamic behavior of the
infectious disease, which determines whether it will vanish or persist in the future, can
be inferred from the steady states. Although we do not provide a stability analysis of the
equilibrium points, we acknowledge that control strategies have a role to play in reducing
R0 and possibly eliminating schistosomiasis.

2.5. Parameter Data

For our study, we use data collected in the literature related to Bulinus and Biom-
phalaria (Table 2). In the absence of published data, parameter values are assumed or
estimated based on expert knowledge using what is commonly known about vector
and disease dynamics, as follows. The life expectancy of an adult Schistosoma worm
within a human host is 3–10.5 years [42–44]; thus, δ1 vary from 1/(10.5× 365) ≈ 0.000268
to 1/(3× 365) ≈ 0.000913. In addition, Dabo et al. [45] establish schistosomiasis infec-
tion in preschool children aged 1–4 years through both passive and active exposure to
infected water bodies. On average, a child‘s initial infection age is 2 years [43]; thus,
x = 2× 365 = 730 days. Gryseels et al. [46] reported 2–10 weeks as the period a schis-
tosomiasis patient takes to recover after chemotherapy treatment. Thus, we assume
that the recovery period for a schistosomiasis patient varies between 14 and 70 days,
which sets ψ between ψ = 1/14 ≈ 0.0714 and ψ = 1/70 ≈ 0.0143 individuals per day.
The Schistosoma parasite egg can stay for 7 days, with a 0.14286 per egg death rate, and
miracidia survive 12 days in freshwater (υ3 = 1/12 ≈ 0.0833) [46,47]. Cercaria can only
spend 10–40 h in freshwater [48], which sets υ4 between υ4 = 1/(10× 24) ≈ 0.00417 and
υ4 = 1/(40× 24) ≈ 0.00104. Table 2 shows the numerical values (and potential ranges) of
parameters set for the model system Equations (1)–(7) from the literature and estimations.

Table 2. Model parameters, their definition, baseline values, potential ranges, and sources.

Parameter Definition Baseline Value Values Range/Day References

Λ1 Human recruitment rate 4127 254–8000 [18,49]

Λ2 Snail recruitment rate 200 200 [18]

x Initial age of infection in children 730 d 730 d [33,46]

δ1 The human death rate due to infection 0.0039 0.0039 [50]

υ1 Natural death rate of human 0.00004025 0.0000384–0.0000421 [18,41]

ρ Proportion of stool/urine per person 115 g 70–160 g [51]

θh Number of egg parasites in stool/urine 262 g−1 10–513 g−1 [51]

ω1 Miracidia emergence rate 0.00232 0.00232 [52]

υ2 Natural death rate of IHs 0.01110 0.004–0.0182 [52]

υ3 Natural death rate of parasite eggs 0.07193 0.001–0.14286 [44,46,49]

υ4 Natural death rate of miracidia 0.49165 0.0833–0.9 [46,49]

υ5 Nautral death rate of cercaria 0.002605 0.00104–0.00417 [52]
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Table 2. Cont.

Parameter Definition Baseline Value Values Range/Day References

NE Number of miracidia released per egg 500 500 [52]

β1 Cercaria-human infection rate 0.0750 0.028–0.122 [52]

β2 Miracidia-snail infection rate 0.001235 0.000127–0.615 [52]

ω2 Cercaria shedding rate 2.6 2.6 [19,49]

δ2 Snail death rate due to infection 0.026 0.002–0.05 [52]

K Parasite egg carrying capacity 100,000 100,000 Estimated

Co Saturation coefficient for miracidia infectivity 1,000,000 Estimated

Mo Saturation coefficient for cercaria infectivity 1,000,000 [19]

ε limitation of miracidia the growth velocity 0.25 0.2–0.3 [18,19]

ψ, α, αh, b, αv Effective rates of control strategies 0.5 0–1 Varied

σs, σI , σm, σc Chemical-induced death rates 0.5 0–1 Varied

We performed a numerical simulation using the main R package ODE solver Version
1.10-4 for solving ordinary differential equations [53] in the R statistical environment version
4.0.3 [54]. The baseline values in Table 2 were used for all simulations and predictions. We
conducted a sensitivity analysis of R0 with respect to the baseline value using the Partial
Rank Correlation Coefficients (PRCC) test to determine how robust our predictions are
to changes in parameter values. In this way, we can determine quantitatively which key
parameters can be targeted by control measures to reduce disease the most. For instance,
R0 increases when parameters with positive PRCC values are increased, increasing the
likelihood of infection.

3. Results

The results show that the key parameters (bold in Table 3) that have the greatest influ-
ence on the transmission of the disease include the recruitment rate of human individuals
Λ1, a portion of stool/urine per infected person ρ, number of miracidia per parasite egg
NE, cercaria-to-human transmission per contact β1, rate of miracidia-to-snail transmission
per contact β2, and rate of cercaria emergence from infected snailsω2.

Table 3. The partial rank correlation coefficients for the baseline parameter values for R0 (without
control) as a response function, with the most significant parameters that influence the dynamics of
the model highlighted in bold.

Parameter Λ1 Λ2 x δ1 υ1 ρ θh ω1 υ2 υ3

R0 +0.8338 +0.0451 +0.0195 −0.0089 −0.7899 +0.7725 +0.7545 +0.5504 −0.8636 −0.7537

Parameter υ5 NE β1 β2 ω2 δ2 Co Mo ε υ4

R0 −0.5777 +0.8186 +0.7607 +0.7928 +0.8005 −0.6731 −0.7799 −0.8032 −0.0481 −0.8303

The model system Equations (1)–(7) is solved numerically using the initial conditions
Sh(0) = 100, 000, Sh(0) = 100, 000, Ih(0) = 1, Eh(0) = 0, M f (0) = 0, Sv(0) = 100, 000,
Iv(0) = 1, and C f (0) = 0, and the effects of different control strategies on the targetted
human and snail populations are shown graphically in Figure 2. When a chemotherapy
treatment of the infected humans is integrated with public literacy (two-tiered approach),
the strategy is more successful in managing and reducing disease morbidity in the human
population than when each strategy is carried out separately, i.e., the number of infected
humans who recover, reduce, and join the susceptible humans, who grow in number
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(Figure 2a,b). Chemical/molluscicide control significantly increases IHs mortality, and
when paired with a mechanical technique, this effect is essentially identical (Figure 2c,d).

Mathematics 2023, 11, x FOR PEER REVIEW 10 of 18 
 

 

Table 3. The partial rank correlation coefficients for the baseline parameter values for 𝑅଴ (without 
control) as a response function, with the most significant parameters that influence the dynamics 
of the model highlighted in bold. 

Parameter 𝜦𝟏 𝛬ଶ 𝑥 δଵ υଵ ρ 𝜃௛ ωଵ υଶ υଷ 𝑅଴ +0.8338 +0.0451 +0.0195 −0.0089 −0.7899 +0.7725 +0.7545 +0.5504 −0.8636 −0.7537 
Parameter υହ 𝑵𝑬 β1 β2 𝛚𝟐 δ2 Co Mo 𝜀 υସ 𝑅଴ −0.5777 +0.8186 +0.7607 +0.7928 +0.8005 −0.6731 −0.7799 −0.8032 −0.0481 −0.8303 

The model system Equations (1)–(7) is solved numerically using the initial condi-
tions 𝑆௛(0) = 100,000 , 𝑆௛(0) = 100,000 , 𝐼௛(0) = 1 , 𝐸௛(0) = 0 , 𝑀௙(0) = 0 , 𝑆௩(0) =100,000, 𝐼௩(0) = 1, and 𝐶௙(0) = 0, and the effects of different control strategies on the 
targetted human and snail populations are shown graphically in Figure 2. When a chem-
otherapy treatment of the infected humans is integrated with public literacy (two-tiered 
approach), the strategy is more successful in managing and reducing disease morbidity 
in the human population than when each strategy is carried out separately, i.e., the num-
ber of infected humans who recover, reduce, and join the susceptible humans, who grow 
in number (Figure 2a,b). Chemical/molluscicide control significantly increases IHs mor-
tality, and when paired with a mechanical technique, this effect is essentially identical 
(Figure 2c,d). 

 
Figure 2. Comparisons between treatment and public literacy targeting the populations of (a) sus-
ceptible humans, (b) infected humans, and molluscicide (chemical) and the mechanical strategies 
targeting (c) susceptible snails and (d) infected snails of schistosomiasis in contrast with no control 
measures. 

The impact of individual control measures and various combinations of all control 
measures on disease transmission is determined by the value of 𝑅଴, as shown in Table 4. 
The more successful a certain level of control is, the smaller the value of 𝑅଴. We show 

Figure 2. Comparisons between treatment and public literacy targeting the populations of (a) susceptible
humans, (b) infected humans, and molluscicide (chemical) and the mechanical strategies targeting
(c) susceptible snails and (d) infected snails of schistosomiasis in contrast with no control measures.

The impact of individual control measures and various combinations of all control
measures on disease transmission is determined by the value of R0, as shown in Table 4.
The more successful a certain level of control is, the smaller the value of R0. We show
that when a single control strategy is used, the chemical/molluscicides strategy (σI,M,C)
has a greater impact on reducing the value of R0 followed by the chemotherapy treatment
strategy (ψ), public literacy (ααh), and finally mechanical control (bαv). However, a single
intervention cannot eradicate the disease, R0 ≮ 1: see Table 4. The results of integrating
the various strategies show that a combination of two-tiered control measures, treatment
strategies (ψ), and molluscicides (σI,M,C) have the greatest impact compared to any other
pair of strategies (Table 4). Moreover, a combination of a three-tiered approach: treatment
(ψ), molluscicides (σI,M,C), and mechanical (bαv), as well as another three-tiered approach:
public literacy ( ααh), molluscicides (σI,M,C), and mechanical (bαv) have the potential to
lower R0 below 1, but only if the effectiveness of each separate control is greater than 90%
(Table 4). However, schistosomiasis can be eradicated, R0 < 1, if a four-tiered approach
(treatment, public literacy, molluscicides, and mechanical) is applied, with each method
being more than 70% effective when combined (Table 4).
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Table 4. The variability of R0 across rows for a single or different combination of control strate-
gies, ψ, α, αh, σI , σM, σC, b, αv ε [0, 1]. The lower the R0, the more successful the strategy(s) are in
controlling schistosomiasis.

Control strategies as
Functions of R0

Effectiveness of Control Strategies; ψ, α, αh, σI, σM, σC, b, and αv

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

R0( ψ) 10,000 1947 1390 1139 988 884 808 748 700 660 643

R0(ααh) 10,000 9900 9600 9100 8400 7500 6400 5100 3600 1900 975

R0(bαv) 10,000 9950 9798 9539 9165 8660 8000 7141 6000 4359 3122

R0(σI,M,C) 10,000 295 138 86.9 61.6 46.8 37.2 30.6 25.7 22.0 20.5

R0(ψ, ααh) 10,000 1928 1334 1036 830 663 517 382 252 125 62.7

R0(bαv, σI,M,C) 10,000 294 136 82.9 56.5 40.5 29.8 21.8 15.4 9.6 6.401

R0(ψ, σI,M,C) 10,000 57.4 19.3 9.9 6.1 4.1 3.0 2.3 1.8 1.5 1.3

R0(ψ, bαv) 10,000 1937 1362 1086 905 766 646 534 420 288 201

R0(ααh, σI,M,C) 10,000 292 133 79.1 51.7 35.1 23.8 15.6 9.3 4.2 1.9

R0(ααh, bαv) 10,000 9850 9406 8681 7699 6495 5120 3642 2160 828 304

R0(ψ, ααh, σI,M,C) 10,000 292 133 79.1 51.7 35.1 23.8 15.6 9.3 4.2 1.9

R0(ψ, ααh, bαv) 10,000 9850 9406 8681 7699 6495 5120 3642 2160 828 304

R0(ψ, σI,M,C, bαv) 10,000 57.1 18.8 9.4 5.6 3.6 2.4 1.6 1.1 0.63 0.41

R0(ααh, σI,M,C, bαv) 10,000 291 130 75.5 47.4 30.4 19.1 11.1 5.5 1.8 0.62

R0(ψ, ααh, σI,M,C, bαv) 10,000 56.6 18.1 8.6 4.7 2.7 1.5 0.83 0.39 0.12 0.04

When considering mortality rate functions (Table 1), we show that temperature, the
length of chemical exposure, and the chemical’s half-life affect the molluscicide perfor-
mance on the death rates of targeted species. In general, chemical-induced mortality rates
for targeted species (host snails and free-living Schistosoma cercaria and miracidia) decline
as the temperature increases. However, the decline is more rapid when the half-life of mol-
luscicides decreases, i.e., shorter half-lived molluscicides (e.g., non-persistent and persistent
molluscicides) lose their toxicity sooner, leading to lower mortality rates. For instance,
Figure 3a shows how temperature control impacts the half-life of molluscicides and the
consequent mortality rate of susceptible snails. In the same context, chemical-induced
mortality rates decrease with an increase in the duration of molluscicide exposure. Mollus-
cicides with a longer half-life (very persistent molluscicides) remain in the environment
longer, resulting in a higher mortality rate compared to molluscicides with a shorter half-life
(Figure 3b). Thus, increasing the half-life of molluscicides increases the chemically induced
mortality rates, especially for cercariae σc, and infected snails σI (Figure 3c). As a result,
increasing the temperature and days of chemical exposure decreases the mortality rate of
snails (Figure 3d) associated with higher risks of disease transmission, thus increasing the
R0 value (Figure 3e).
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Figure 3. Various molluscicides are regulated by temperature according to their half-lives and
durations of chemical exposure to snails. A molluscicide is classified as a non-permanent molluscicide
(NP) with a half-life of t1/2 = 21.6, a persistent molluscicide (P) with a half-life of t1/2 = 50.5, or
a very-permanent molluscicide (VP) with a half-life of t1/2 = 146.5. (a) Shows variations in the
temperature of the environment and the duration of chemical exposure (b) for different chemicals
affecting the death rate of targeted host snails. (c) Shows the effect of chemicals with different
half-lives on the death rate of different target species (susceptible snails σs, infected snails σI , cercaria
σc, and miracidia σm). At the same time, the effect of combined chemical exposure and temperature
on the death rate of host snails and the subsequent reproduction number is shown in (d,e).

4. Discussion

We formulate a mathematical model to assess the effectiveness of methods that target
humans and those targeting IHs in the control of schistosomiasis. The results of the PRCC
test suggest that control strategies focusing on the key parameters NE, β1, β2, andω2 in the
transmission dynamics may be more effective in reducing R0 and may result in disease-free
conditions of R0 < 1, indicating disease control. Our results show that the chemotherapy
treatment strategy (reducing NE) and application of molluscicides (reducing β1, β2, andω2)
are the most successful methods for reducing R0 and disease morbidity among the human
population and increasing snail mortality, respectively, when applied independently and
compared to mechanical control (reducing ω2) and public literacy (reducing β1 and β2)
with limited impact. But each strategy cannot eradicate schistosomiasis individually, which
complements the finding by Mangal et al. [52], King and Bertsch [9], and Zacharia et al. [10].
Thus, a single approach may reduce morbidity [2,55] but often without reducing the local
and environmental transmission of parasites [6], which contributes to the development
of the disease. In addition, chemotherapy has shown ineffectiveness against juvenile
worms within the body. This is the reason why worms inside infected and treated children
can continue to release eggs, observed in their feces three weeks after the drug has been
administered [56–58]. This thus perpetuates local transmission, and residents who stay
in endemic areas run the risk of re-infection [6,59]. The fragility of drug control alone is
demonstrated by this.

On the other hand, mechanical control practices like the physical picking of snails
are considered old-fashioned but prove to be a good complementary strategy to drugs,
molluscicides, and public literacy [17]. However, its use may be limited, especially in
large water bodies, such as lakes, rivers, and streams, or where a larger number of aquatic
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inhabitants must be controlled. In addition, public literacy advocates for significant be-
havior change in water use and contact. However, this ultimately requires the provision
of safe and hygienic alternative water supplies, latrines, and washing facilities. When
compared to using individual control strategies, integrated strategies are far more effective.
Our study further shows that when a four-tiered control strategy is used, the results are
much better than using one-, two- or three-tiered controls. Although a three-tiered strategy
would be effective as well, it is practically difficult to achieve 90% effectiveness from each
method. These findings support, to a certain extent, the findings of Mangal et al. [52],
Thétiot-Laurent et al. [56], Lo et al. [58], and Zheng et al. [13], which suggest that the
integrated intervention of chemotherapy and snail management has a greater impact on
schistosomiasis control than a single method like chemotherapy treatment alone.

However, in such integrated efforts to control schistosomiasis, the time and season of
application of molluscicides are crucial. This is relevant in providing a realistic assessment
of the spread of schistosomiasis under the current and projected temperature increases in
areas like sub-Saharan Africa, where the disease is most prevalent. Our results corroborate
with the reports by Feng et al. [60], Fishel [25], Ziska [26], and Zheng et al. [13] that the
temperature of the environment, chemical degradation, and half-life of the chemical are
important factors in the chemical control of snails. Regardless of the chemical type used,
non-persistent (NP), persistent (P), or very persistent (VP), the results show that the chemi-
cal strategy may be more effective in areas with low temperatures (15–25 ◦C). In the first
two weeks (14 days) of application, the chemically induced mortality rate of snails is signifi-
cantly higher, especially for cercariae and infected snails, and consequently, R0 is less than at
unity, indicating disease control. This corroborates the finding by Montanari et al. [33] that,
at a standard temperature of 25 ◦C, molluscicides proved to be effective against adult snails;
the snails reduced their food intake and stopped eating, whereas the same effects were
significantly stronger at 18 ◦C. No effects on survival or feeding rate have been recorded at
incubations of 30 ◦C. In regions with higher temperatures, an even longer treatment period
using NP chemicals is associated with low rates of induced mortality and is, therefore, less
effective in reducing snails, free-living parasite populations, and R0. The results also show
that the molluscicides NP, P, and VP with increasing half-lives reduce species mortality by
more than 50% only up to 2 weeks, 3 weeks, and 6 weeks, respectively, suggesting that the
chemical should be reapplied regularly thereafter. Thus, the half-life of the molluscicide
is directly proportional to the active length of the molluscicides in the water. This result
supports the finding of Seligman et al. [61], who observed that the half-lives/chemical
degradation of different chemicals ranges from 4 to 19 days and up to several months under
specific conditions. For efficient snail management, integration efforts, and schistosomiasis
control, different areas with varying weather patterns and seasonal variations may require
different molluscicide-type and variable time intervals of reapplication.

Therefore, it is critical to quantify the use of chemical control agents in response to
climatic conditions to determine alternative changes in the target intermediate host popu-
lation and the best season (temperature) for control. This result complements the efforts
to investigate molluscicidal action, the structure-activity relationship, and the potential
mechanisms of several molluscicides [13,14,62] toward developing suitable chemicals.

Our findings, thus, demonstrate that effective schistosomiasis control programs ne-
cessitate a co-ordinated effort and comprehensive integration of preventative treatment,
public literacy, and mechanical and molluscicide controls. Despite the promising results,
we believe that controlling schistosomiasis with fewer than three different combinations of
control strategies will be challenging and may not be worth the effort to eradicate schistoso-
miasis compared to when the four strategies are integrated and carried out simultaneously.
However, achieving the schistosomiasis eradication goal may require a large investment
of resources (high cost, which severely limits the use of the molluscicide on a big scale),
time, and commitment, and also has associated ecological risks. For instance, chemical
management has several negative effects, including the destruction of aquatic biodiversity
due to toxicity [63] and the emergence of snail resistance to the chemicals are very likely.
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If chemicals are released into the environment, local people will not be able to use the
water [13,64]. Several molluscicides have a half-life that ranges from 3.17 to 223 days [65],
while others have a half-life of up to 2 years. This means that the presence of molluscicides
in water would continue to pose a health risk to people for more than 30 years before it
decays completely [61].

Furthermore, the development and use of molluscicide need to be blended with an
increase in health education and an assessment of their levels of toxicity when ingested by
humans and domestic animals through agricultural products and their effect on non-target
aquatic fauna and flora [13]. However, our results suggest that chemicals with shorter half-
lives, such as an extract from C. viminalis fruits, or natural insecticides, such as Nereistoxin,
are effective in killing snails at low concentrations in a shorter amount of time [13,66].
They could provide an alternative to long-term exposures to common molluscicides with
less effects on biodiversity. Furthermore, specific molluscicides, such as nicotinanilide
molluscicides and silver (Ag) nanopowder (Ag-NPs) molluscicides [13], have been shown
to exhibit strong molluscicidal effects with less toxicity to humans, animals, fish, and
plants, can be applied in small waterbodies to manage snail populations despite their high
cost and strong human skin irritant effects. The effect of change in temperature on the
environment on molluscicide performance greatly affects the mortality rate of the targeted
organism (IHs, cercariae, and miracidia) and general disease transmission. Therefore,
better molluscicide performance should be achieved by developing harmless, low-toxicity,
and temperature-dependent molluscicides, with low environmental impact to control the
targeted species holistically.

Our study has some limitations given that the parameters that best reflect the biologi-
cal representation and real-life situations of schistosomiasis disease and transmission had
to be used based on the published record. Since neither the Biomphalaria-S. mansoni nor
the Bulinus-S. haematobium infection system had a complete list of genus-specific model
parameters, we used published parameter values for both infection systems. Due to the
absence of specifically published data relating to the two systems, two parameter values
were estimated, and two others were assumed based on expert knowledge. Furthermore,
the literature data are not always consistent and are collected under different conditions.
Nonetheless, the baseline values of such parameters provide a good first approximation
of the parameter values, and the model can be used generally to develop a better under-
standing of the effects of interventions. This model can be improved to incorporate more
features, such as the effect of temperature and molluscicides on the development of eggs
into miracidia, snail recruitment, and biodiversity of nontarget species.

5. Conclusions

We conclude that the proposed model provides valuable mechanistic insights into
how the impact of schistosomiasis and future control programs will depend on the integra-
tion of chemotherapy, public literacy, and mechanical and molluscicide types in different
endemic regions. In addition, molluscicide performances in different regions with chang-
ing temperatures will vary depending on their type and half-life, degradation rate, and
reapplication frequency.

Author Contributions: Conceptualization, Z.T.; Methodology, Z.T. and C.K.; Formal analysis, Z.T.;
Funding acquisition, L.B. and C.A.; Supervision, C.A. and L.B.; Visualization, Z.T.; Writing—original
draft, Z.T.; Writing—review & editing, Z.T., C.K., L.B. and C.A. All authors have read and agreed to
the published version of the manuscript.

Funding: The German Academic Exchange Service (DAAD) supported Z.T with a Ph.D. scholarship
(Grant No. 57507871). The Alexander von Humboldt Foundation supported C.K as a Georg Forster
Research Fellow with a scholarship for his research visit and stay at Justus Liebig University Giessen.
(Grant No. ZMB1217528GF-P). The funders had no role in study design, data collection or analysis,
the decision to publish, or the preparation of the manuscript.

83



Mathematics 2023, 11, 2609 15 of 18

Data Availability Statement: All data generated or analyzed during this study are included in this
published article.

Acknowledgments: It is with great gratitude that the authors acknowledge the German Academic
Exchange Service (DAAD) for providing Z.T. with a Ph.D. scholarship, as well as Alexander von
Humboldt Foundation for providing C.K. with a scholarship.

Conflicts of Interest: The authors declare that they do not have any competing interests.

Appendix A

Invariant region
In model system Equations (1)–(7), we prove that non-negative and bounded solutions

exist in Ω, as follows:

Let L(t) =
[
Sh(t), Ih(t), Eh(t), M f (t), Sv(t), Iv(t), C f (t)

]T
⊂ R7

+ be the solution set
of the model equations Equations (1)–(7) from which L(0) ≥ 0 are the non-negative
initial conditions.

Lemma A1. L(t)is non-negative in Ω ⊂ R7
+ with L(0) ≥ 0 for ∀t ≥ 0.

Proof. It is evident from model equation Equation (1) that
.

Sh(t) ≥ −
(
(1−ααh)β1C f

Co+εC f
+ υ1

)
Sh, where Sh(t) ≥ Sh(0)e

(
(1−ααh)β1C f

Co+εC f
+υ1)t

, ∀t ≥ 0.

Thus, Sh(t) ≥ 0 is non-negative and, in the same way, it can be shown that Ih(t) ≥ 0,
Eh(t) ≥ 0, M f (t) ≥ 0, Sv(t) ≥ 0, Iv(t) ≥ 0, and C f (t) ≥ 0. Therefore, L(t) in the region
Ω ⊂ R7

+ is positively invariant. �

Lemma A2. L(t) remains bounded in Ω ⊂ R7
+.

Proof. Let the total human population Sh(t) + Ih(t) = Nh(t), and the total snail population
Sv(t) + Iv(t) = Nv(t), such that

.
Nh(t) 6 Λ1e−υ1x − υ1Nh(t) and

.
Nv(t) 6 Λ2 − υ2Nv(t)

and L(t) =
[

Nh(t), Eh(t), M f (t), Nv(t), C f (t)
]T

. Thus, L(t) can be expressed analytically
as follows:

L(t) =



Nh(t) 6
Λ1e−υ1x

υ1
−
(

Λ1e−υ1x

υ1
− Nh(0)

)
e−υ1t

Eh(t) 6 K− (K− Eh(0))eρθh(1−ααh)Iht

M f (t) 6
NEω1Eh
(υ4+σm)

−
(

NEω1Eh
(υ4+σm)

−M f (0)
)

e−(υ4+σm)t

Nv(t) 6 Λ2
υ2
−
(

Λ2
υ2
− Nv(0)

)
e−υ2t

C f (t) 6
ω2 Iv

(υ5+σc)
−
(

ω2 Iv
(υ5+σc)

− C f (0)
)

e−(υ5+σc)t

Assuming Nh(0) 6
Λ1e−υ1x

υ1 , and Nv(0) 6 Λ2
υ2

, we conclude that lim
t→∞

SupNh(t) =

Λ1e−υ1x

υ1
, and lim

t→∞
SupNv(t) = Λ2

υ2
, and therefore, both human (Sh(t), Ih(t)) and snail (Sv(t),

Iv(t)) populations are biologically feasible. Similarly lim
t→∞

Sup
[

Eh(t), M f (t), C f (t)
]T

=[
K, NEω1Eh

(υ4+σm)
, ω2 Iv
(υ5+σc)

]T
, shows that the egg, miracidia, and cercaria populations are biologi-

cally feasible. Thus, L(t) with initial conditions remains bounded for all t ≥ 0. �

As a result of Lemmas A1 and A2, our model is epidemiologically and mathematically
well-posed.
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A B S T R A C T

Schistosomiasis, a freshwater-borne neglected tropical disease, disproportionately affects impoverished com-
munities mainly in the tropical regions. Transmission involves humans and intermediate host (IH) snails. This
manuscript introduces a mathematical model to probe schistosomiasis dynamics and the role of non-host snail
competitors and predators as biological control agents for IH snails. The numerical analyses include in-
vestigations into steady-state conditions and reproduction numbers associated with uncontrolled scenarios, as
well as scenarios involving non-host snail competitors and/or predators. Sensitivity analysis reveals that
increasing snail mortality rates is a key to reducing the IH snail population and control of the transmission.
Results show that specific snail competitors and/or predators with strong competition/predation abilities reduce
IH snails and the subsequent infectious cercaria populations, reduce the transmission, and possibly eradicate the
disease, while those with weaker abilities allow disease persistence. Hence our findings advocate for the effec-
tiveness of snail competitors with suitable competitive pressures and/or predators with appropriate predatory
abilities as nature-based solutions for combating schistosomiasis, all while preserving IH snail biodiversity.
However, if these strategies are implemented at insignificant levels, IH snails can dominate, and disease
persistence may pose challenges. Thus, experimental screening of potential (native) snail competitors and/or
predators is crucial to assess the likely behavior of biological agents and determine the optimal biological control
measures for IH snails.

1. Introduction

Schistosomiasis, a prevalent disease in tropical regions, is caused by
parasites known as Schistosoma. These parasitic trematode worms rely
on two primary hosts: the humans, within whom it matures into an
adult, leading to schistosomiasis infection, and intermediate host (IH)
snails, which aid in the early stages of its development. The propagation
of this ailment hinges on the interactions between these hosts, intri-
cately connecting the life cycle of the parasite with both human and
snail organisms [1,2]. This disease is closely associated with impov-
erished living conditions resulting from factors such as poverty, inade-
quate sanitation, and limited access to clean water sources [3].
Schistosomiasis imposes a considerable toll in terms of mortality and
morbidity [4]. On a global scale, more than 700 million individuals are
at risk of infection, and over 200,000 people lose their lives to it

annually, with the highest burden experienced in sub-Saharan Africa,
where it accounts for up to 90 % of infections worldwide [5,6].

In terms of disease control, it is important to note that there is
currently no vaccine available to prevent schistosomiasis. However, the
primary interventions for managing the transmission of this disease at
the human population level involve mass drug administration and/or
the implementation of WASH (water, sanitation, and hygiene) measures
[7]. However, despite these efforts, schistosomiasis frequently
re-emerges shortly after interventions, presenting significant challenges
at the human level and limited impact in affected regions. In contrast,
there is a growing body of evidence suggests that targeting IH snails as a
control strategy could effectively manage their populations and curb the
spread of schistosomiasis [8–11]. This approach has achieved substan-
tial success in various Asian regions [9]. In support of this approach, the
65th World Health Assembly took a crucial step by passing a resolution
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advocating for the integration of biological controls in the management
of IH snails [8]. Within this context, studies have revealed that coex-
isting with potential competitors and predators of various species plays a
crucial role in regulating the distribution of these snails, emerging as a
critical ecological factor in the development of diseases [12,13].
Significantly, numerous potential competitors to IH snails have been
documented, including species such as Thiara granifera and Physella
acuta [14]. In the presence of many competitors, snails intensify their
feeding behavior, and species out-competition could potentially lead to
colonization by non-host invasive species [15]. Previous research has
reported instances of displacement and/or colonization of IH snails by
non-host snails, as documented by Butler et al. [16], who observed the
colonization of IH Biomphalaria species by the presence of Thiara
granifera.

On the contrary, potential predators within the ecosystem encom-
pass a diverse array of species, including crayfish, river prawns, the
water bug Sphaerodema urinator, various insect species, selected leech
species, Sciomyzidae flies in their larval stage, as well as several fish and
crustacean species [15–19]. The presence of these snail predators exerts
a remarkable influence on the IH snail population, inducing heightened
stress and instigating observable behavioral modifications. For instance,
IH snails possess the ability to detect the presence of these predators,
prompting them to seek refuge. This behavioral shift subsequently leads
to a decrease in their feeding rate, thereby leading to consequential al-
terations in the patterns of disease dissemination [15,20]. For example,
the study conducted by Sokolow et al. [10] documented a decrease in
human schistosomiasis transmission following the reintroduction of a
native river prawn, known to prey on the IH snails. Furthermore, recent
research by Mathers et al. [21] has unveiled considerable variations in
the handling time and attack rate exhibited by predators when preying
upon different gastropod species. These observed variations may lead to
shifts in the predation dynamics, affecting the strategies and effective-
ness of predators in capturing their prey.

Consequently, the roles played by both snail competitors and pred-
ators emerge as key components within the ecological framework. These
elements play significant roles in the complex ecological interactions
within the system, influencing the dynamics of Schistosoma trans-
mission. Nonetheless, the development of mathematical models has
significantly enhanced our comprehension of population dynamics and
facilitated the evaluation of various control programs. The utilization of
mathematical models for assessing the relative effectiveness of different
biological interventions and the elimination of schistosomiasis trans-
mission holds paramount importance in informing policy decisions.
Several studies, including those conducted by Altizer et al. [22], Chiyaka
and Garira [23], Gao et al. [24], and Abokwara and Madubueze [25],
have explored the dynamics and control of schistosomiasis at the human
population level. Additionally, research has provided valuable insights
into temperature control for different aspects of the Schistosoma life
cycle, as seen in studies conducted by Mangal et al. [26], Kalinda et al.
[27] and Tabo et al. [28]. To the best of our knowledge, a few mathe-
matical models have investigated biological control strategies for the
management of IH snails and the control of schistosomiasis [29,30], but
none have examined the influence of non-host competitor snails and
snail predators concerning concurrent disease propagation. In our pre-
sent model, we formulate ordinary differential equations (ODEs) to
represent the principal stages of the Schistosoma life cycle. Within this
model, we incorporate non-host competitors and predators as integral
biological components. Consequently, we utilize this model as a tool to
illuminate the control of schistosomiasis and quantify the anticipated
impacts of snail competitors and predators in the effective management
of IH snail vectors and the control of schistosomiasis.

2. Materials and methods

2.1. Model formulation

The primary stages of the Schistosoma spp. life and transmission cycle
(Fig 1) served as the basis for our mathematical model. The key stages
include the human host, free-living parasites (cercaria and miracidia),
and the IH snail. Within the human population, individuals can be
classified into two distinct groups: individuals who exhibit susceptibility
denoted as H(t), and those who have been infected, denoted as I(t). The
infected individuals represented by I(t), expel parasite eggs E(t) through
feces or urine, which may either be directly excreted or introduced into
freshwater sources. In favorable freshwater environments, the parasite
eggs undergo hatching, giving rise to miracidia M(t), which function as
hosts for IH snails. These IH snails can be classified as either susceptible,
denoted as S(t), or infected, labeled as Is(t). Infected IH snails, Is(t),
release infectious cercaria parasites C(t), which subsequently initiate
infection in humans to complete the Schistosoma life cycle. Furthermore,
the model incorporates biological control agents, denoted as X(t), which
represent potential competitor for IH snail, and Y(t), which represent
potential predator.

We assume that newborns are not recruited untill a certain age (τ)
when they can interact or be washed in water. The IH snail and human
host are infected through contact with miracidia and cercariae, respec-
tively, in an infested freshwater environment. The competitor snail is
not an infectious host and is not a vector. Snails grow logistically in the
absence of the disease. The infected snails do not reproduce as a side
effect of miracidia infection and due to infection, their mortality is
potentially higher than for susceptible snails. The competitor snail is a
superior competitor with the advantage of impacting more strongly on
available resources than the IH snails. There are various potential
predators with specific capabilities, and the only food available in the
environment is the IH snails, especially the infected IH snails. The effort
and time required by the predator to handle infected IH snails is less than
that required time to handle the susceptible IH snails. Thus, the model
equations, which depict the dynamic interactions of schistosomiasis in
the presence of biological control agents, are presented in Eqs. (1)-(9):

Ḣ˙(t) = Λ1 −
β1HC
Co + εC − υ1H (1)

İ˙(t) =
β1HC
Co + εC − (υ1 + δ1)I (2)

Ė˙(t) = ρθhI
(

1 −
E
K

)

− (ω1 + υ3)E (3)

Ṁ˙(t) = ω1E − υ4M (4)

Ṡ˙(t) = r1S
(

1 −
S+ e1(Is + X)

K1

)

−
β2MS

Mo + εM − f1(S)Y (5)

İs(t) =
β2MS

Mo + εM − (υ2 + δ2 + e2(S+X+ Is))Is − f2(Is)Y (6)

Ċ˙(t) = ω2Is − υ5C (7)

Ẋ˙(t) = r2X
(

1 −
X + e3(S+ Is)

K2

)

(8)

Ẏ˙(t) = η1f1(S)Y + η2f2(Is) − υ6Y (9)

Here, Λ1 = λe− υ1τ represents human recruitment through birth,
which follows an exponentially distributed waiting time function. It has
a maximum per capita birth rate of λ, a natural death rate of υ1, and τ
represents the age of first schistosomiasis infection in children. The term
e− υ1τ represents the fraction of children waiting to be recruited at time τ,
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with a 1
υ1

chance of survival. The non-linear infection incidences in the
model are denoted as β1HC/(Co +εC) for human hosts and β2MS
/(Mo +εM) for snail hosts. Here, β1 and β2 represent the infection rates of
human and snail hosts. ε represents the crowding effect which encap-
sulates environmental and ecological constraints (temperature, compe-
tition, predation, water quality, etc.) that may limit the effective contact
rate between hosts (human and snail) and parasites (cercaria and
miracidia). Co and Mo are saturation coefficients for cercariae and
miracidia infectivity, respectively, and ensure that the incidence rate
increases with C and M, but asymptotically approaches a maximum
value. Thus, Co and Mo represent the carrying capacity of the environ-
ment and the biological limits of the humans and snails that can be
infected. Furthermore, infected humans excrete an average of ρ stool
(volume of urine) per day, containing an average number of parasite
eggs θh per gram of stool (S. mansoni) or per liter of urine per day
(S. haematobium). Miracidia emerge from parasite eggs at an average
rate of NE miracidia per egg, and ω1 represents the rate of parasite egg
hatching. The populations of IH snails and competitor snails grow
intrinsically at rates r1 and r2, respectively. Meanwhile, the predator
population increases due to conversion factors η1 and η2, which repre-
sent susceptible snail-to-predator conversion and infected snail-to-
predator conversion, respectively. Note that the intrinsic growth of
parasite egg, IH snails, and competitor snails populations are con-
strained by their respective carrying capacity of K, K1and K2 respec-
tively. Predators feed on host snails with a saturating Holling type II
functional response to susceptible snail density, represented by f1(S) =
t1S

1+at1S
, and to infected snail density, represented by f2(Is) = t2 Is

1+bt2Is
. The

parameters (a, b), and (t1, t2) are handling times and attack rates of the
susceptible and infected IH snails, respectively. Additionally, the
cercaria population is shed from infected snails at a rate of ω2. The snail,
parasite egg, miracidia, cercaria, and predator populations naturally die
at rates υ2, υ3, υ5, and υ6, respectively. Disease-related mortality rates for
humans and snails are indicated by δ1 and δ2.

2.2. Positivity of the solution and biologically invariant region

We show that our model is of epidemiological interest and can be
analyzed in a region Ω ⊂R6

+, if all parameters and state variables are
non-negative for all future time, ∀ t > 0 and, given non-negative initial
conditions, all solutions remain non-negative and bounded.

Theorem 1. Let £(t) = [H(t), I(t), E(t), M(t), S(t), Is(t), C(t), X(t),
Y(t)]T⊂ R 9

+, for initial conditions £(0) ≥ 0, then the solution set £(t) of the
model equations Eqs. (1)-(9) is non-negative for ∀ t > 0 and eventually en-
ters the invariant attracting region Ω ⊂ R9

+.

Proof. Consider equation (Eq. (1)) of the model equations Eqs. (1)-(9).

It is obvious that Ḣ˙(t) ≥ −

(
β1C

C0+εC − υ1

)

H. By integration, we get

H(t) ≥ H(0). This implies that as t approaches negative infinity, the
lower bound of H(t) tends towards zero, i.e., lim

t→− ∞
Inf(H(t)) ≥ 0. Conse-

quently, the solution H(t) remains non-negative. Similarly, through
analogous reasoning, we can show that I(t) ≥ 0, E(t) ≥ 0, M(t) ≥ 0,
S(t) ≥ 0, Is(t) ≥ 0, C(t) ≥ 0, X(t) ≥ 0, Y(t) ≥ 0. Thus, all state variables
maintain non-negative values. This confirms that the feasible region Ω is
positively invariant, since the solution trajectory of the system always
remains within this non-negative region over time. This leads to the
conclusion that the solution set £(t) of the model equations Eqs. (1)-(9)
eventually enters and remains in the attracting invariant region Ω ⊂ R9

+.

Theorem 2. Let the initial conditions £(0) ≥ 0, then all solutions to the set
£(t) remain bounded for all future time

Proof. Let’s consider the total human population Nh(t) = H(t)+ I(t),
∀t > 0. The differential equation governing this population is given by:
dNh
dt = Λ1 − υ1Nh − δ1I. If we have dNh

dt ≤ Λ1 − υ1Nh, integrating this

inequality yields Nh(t) ≤ Λ1
υ1
−

(
Λ1
υ1

− Nh(0)
)

e− υ1 t. As t approaches

Fig. 1. A schematic description of the schistosomiasis transmission cycle. Interactions between snail competitors and predators with intermediate host snails are
shown by the dashed arrows in red and blue, respectively. The parameter descriptions are provided in Table 1. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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infinity, the supremum of Nh(t) becomes bounded by max
{

Nh(o), Λ1
υ1

}

,

thus ensuring that Nh(t) remains bounded above.

Now, consider the total host snail population Ns(t) = S(t) + Is(t) for ∀
t > 0. The differential equation governing this population is given by:
dNs(t)
dt = r1Ns

(

1 − Ns
K1

)

. Solving this equation gives Ns(t) =

K1Ns(o)
Ns(o)+ ((K1 − Ns(0))e− r1 t, where Ns(0) = S(0)+ Is(0). By setting
lim
t→∞

Sup(Ns(t)) ≤ Q1, for ∀t > 0 where Q1 = max{Ns(o), K1}, we deduce

that Ns(t) ≤ Q1 for ∀t > 0. Additionally, by introducing the variable Z =

S+ Is + Y, where Y represents some other components, we find that dZdt +
γZ ≤ δ, where δ = (1+r1)Q1 and γ = min{1, (υ1 + δ1), υ5}. Solving this

inequality gives Z(t) ≤ Q2 = δ
γ +

(

Z(0) − δ
γ

)

e− δt for ∀t > 0. Hence Q2 =

max
{

Z(0), δ
γ

}

. This guarantees that the solutions for S(t), Is(t) and Y(t)

remain bounded above. Furthermore, this bound can be extended to E(t),
M(t), C(t) and X(t), ensuring the boundedness of all variables. Conse-
quently, feasible solutions converge within the region Ω. Thus, Theo-
rems 1 and 2 together demonstrate that the system of model equations is
both mathematically and epidemiologically well-posed. The well-posed
nature of the model enables us to proceed with additional mathematical
analyses of the model.

3. Analysis of the model (Eqs. (1)-(9))

In this section, we conduct our analyses and offer insights into the
disease-free equilibria, including associated reproduction numbers for
the model without control measures, with one control implemented
separately and with the two controls implemented simultaneously.
Furthermore, we present the endemic equilibrium for a complete model
system and carry out a bifurcation analysis.

3.1. Disease-free equilibrium points

When all the populations are disease free, we assumed that I(t) =

E(t) = M(t) = Is(t) = C(t) = 0. By equating the left-hand side (LHS) of
the model equation (Eqs. (1)-(9)) to zero, we present the disease-free
equilibria in the following scenarios:

(i) We start with the scenario where no biological control measures
are applied, resulting in a model with no competitor snails and no
predators. In this case, we derive two disease-free equilibrium points:

Dfe1 =

(
λe− υ1τ

υ1
, 0, 0,0, 0,0, 0

)

and Dfe2 =

(
λe− υ1τ

υ1
,0,0, 0, K1, 0,0

)

(ii) Next, we consider the scenario where there are no snail preda-
tors, and competitor snails continue to exist. In this competition-only
model, we obtain four disease-free equilibrium points categorized as
follows:

(a) Human-trial equilibrium:
(

λe− υ1 τ

υ1
0,0,0,0,0,0, 0

)

,

(b) Two boundary equilibria:
(

λe− υ1 τ

υ1
,0,0, 0, K1, 0,0, 0

)

and
(

λe− υ1 τ

υ1
,

0,0,0,0,0, 0, K2

)

,

(c) Interior equilibrium point: EXo =

(
λe− υ1 τ

υ1
, 0, 0, 0, K1 − e1K2

1− e1e3 , 0, 0,

K2 − e3K1
1− e1e3

)

, provided K1
e1K2

> 1 for e1,e3 ∈ [0,1].

(iii) In the absence of competitor snails and the presence of snail
predators, we describe a predation-only model. In this scenario, we
obtain up to four disease-free equilibrium points:

(a) Human-trivial equilibrium
(

λe− υ1τ

υ1
, 0,0,0,0,0,0,0

)

,

(b) Two boundary equilibria
(

λe− υ1τ

υ1
,0, 0,0, K1, 0, 0, 0

)

and
(

λe− υ1τ

υ1
,

0,0,0,0,0, 0, r1
t1

)

,

(c) Interior equilibrium point EYo =

(
λe− υ1 τ

υ1
, 0, 0,0, u6

t1(η1 − au6)
, 0, 0,

r1η1K1t1(η1 − au6)− u6
t1K1

)

provided η1
au6 > 1 and r1η1K1 t1(η1 − au6)

u6 > 1.

(iv) Lastly, in the presence of both snail competitor and snail pred-
ator, we have a competition-predation model. In this case, we identify a
single disease-free equilibrium point denoted as:

EXYo =

(
λe− υ1τ

υ1
, 0, 0, 0, u6

t1(η1 − au6)
, 0, 0, K1t1(η1 − au6)− e3u6

t1(η1 − au6)
, η1

[
r1 t1(η1 − au6)(K1 − e1K2)− (1− e1e2)u6

K1(t1(η1 − au6)
2
)

])

, provided η1
au6>1, K1t1(η1 − au6)

e3u6 >1, K1
e1K2

>1,

and r1t1(η1 − au6)(K1 − e1K2)
(1− e1e2)u6 >1.

The interior equilibrium points, specifically EXo , EYo , and EXYo , play a
significant role in our study as they signify the presence of IHs and the
dynamic interactions between the hosts and control agents across
different scenarios. These equilibrium points hold biological signifi-
cance in our assessment of control strategies. In contrast, the trivial and
boundary equilibrium points typically indicate scenarios where both
snail and control agent populations either go extinct or reach their
maximum carrying capacity. These points are not suitable for evaluating
control strategies.

3.1.1. Reproduction number for model Eqs. (1)-(9)
This represents the number of new secondary schistosomiasis cases

caused by an infected human/snail with both biological interventions in
place. It is the effective reproduction number (RXY) used to assess the
impact of interventions on reducing disease transmission. We use the
next-generation approach according to Diekmann et al. [31],
Castillo-Chavez et al. [32], and Van den Driessche and Watmough [33],
to calculate RXY . Let EXY = (H∗, 0,0, 0, S∗, 0, 0, X∗,Y∗) represent the
disease-free equilibrium point for the model incorporating biological
interventions. The result RXY can be expressed as follows:

RXY=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
β1ω2H∗

Coυ5(υ2+δ2+e2(S∗+X∗)+t2Y∗)

)

.

(
β2ω1ρθhS∗

Moυ4(υ1+δ1)(ω1+υ3)

)√

(10)

In this equation (Eq. (10)), RHXY=
β1ω2H∗

Coυ5(υ2+δ2+e2(S∗+X∗)+t2Y∗)
and RS

XY=

β2ω1ρθhS∗
Moυ4(υ1+δ1)(ω1+υ3)

represent the number of new human infections per
infected IH snail and the number of new snail infections per infected
human, respectively, under both biological interventions. Epidemio-
logically, schistosomiasis can emerge and spread in the population
depending on the value of the bifurcation parameter, which corresponds
to the threshold value R0= 1. Taking the snail infection rate β2=β∗

XY as
the bifurcation parameter with RXY= 1, the critical value β∗

XY can be
expressed as:

β∗
XY =

υ4υ5CoMo(υ1 + δ1)(ω1 + υ3)(υ2 + δ2 + e2(S∗ + X∗) + t2Y∗)

β1ω1ω2ρθhH∗S∗
(11)

This critical value (Eq. (11)) represents the threshold below which
the susceptible snails are not infected by miracidia and the infection
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cannot progress in the presence of both the competitor snail and the
predator, and vice versa. In particular, increasing the competition term
e2(S∗ +X∗) and the predation term t2Y∗ in Equation (Eq. (11)), increases
β∗
XY. This, in turn, limits how far the infection can spread. Furthermore,

in Equation Eq. (10), RXY is a decreasing function of e2(S∗ +X∗) and t2Y∗,
suggesting that RXY decreases with increase in the intervention.

In addition, we substitute for (H∗, S∗, X∗,Y∗) at the equilibrium
point EXYo with both biological interventions to obtain

where,

q1 = K1(K1t1(η1 − au6)) + (1 − e3)u6

q2 = r1t1(η1 − au6)(K1 − e1K2) − (1 − e1e2)u6.

Consequently, by substituting the variables (H∗, S∗,X∗,Y∗ ) into
Equation (Eq. (10)) at distinct disease-free equilibrium points Eo, EXo , and
EYo , we obtain the corresponding reproduction numbers Ro, RX , and RY
for the sub-models as described in the Sections 3.1.2-3.1.4.

3.1.2. Basic reproduction number with no control
This provides insight into the potential for disease spread in a pop-

ulation without any interventions. It quantifies the initial disease
transmission, allowing us to understand the inherent transmissibility of
a disease. This value is obtained when we substitute X∗ = Y∗ = 0 and the
equilibrium terms for the variables (H∗, S∗ ) at the disease free equilib-
rium with no control, Eo into Equation (Eq. (10)). The result is expressed
as:

R0 =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
β1ω2λe− υ1τ

υ1υ5Co(υ2 + δ2)

)

.

(
β2ω1ρθhK1

υ4Mo(υ1 + δ1)(ω1 + υ3)

)√

(12)

Here, RH =
β1ω2λe− υ1τ

υ1υ5Co(υ2+δ2)
represents the number of human infections

caused by one infectious snail and RS = β2ω1ρθhK1
υ4Mo(υ1+δ1)(ω1+υ3)

represents the
number of snail infections caused by one infectious human, assuming no
interventions are in place. If we assume β2 = β∗ as the bifurcation
parameter for model, then R0 = 1 and β∗ =

υ1υ4υ5CoMoK(υ1+δ1)(υ2+δ2)(ω1+υ3)
β1ω1ω2ρθhK1λe− υ1τ

stands as the critical value for the rate of miracidial infection on sus-
ceptible snails.

3.1.3. Reproduction number with a snail competitor
This is an effective reproduction number for the model with a snail

competitor intervention. It is used to assess the impact of the snail
competitor intervention on reducing disease transmission. Similarly, in
the presence of the snail competitor and when the predator goes extinct
(Y∗ = 0), we introduce the equilibrium terms of the variables (H∗, S∗,X∗)

at EX into equation Eq. (10), resulting in:

where RHX =
(1− e1e3)β1ω2λe− υ1τ

υ1υ5Co [(1− e1e3)(υ2+δ2)+e2(K1+K2 − e3K1 − e1K2)]
and RSX =

β2ω1ρθh(K1 − e1K2)
υ4Mo(1− e1e3)(υ1+δ1)(ω1+υ3)

is the number of possible new human infections
per infected snail and the number of possible new snail infections per
infected human, respectively if the snail competitor survives. Consid-
ering β2 = β∗

X as the bifurcation parameter and setting RX = 1, the
critical value β2 = β∗

X is determined as β∗
X =

υ1υ4υ5CoMo [(1− e1e3)(υ2+δ2)+e2(K1+K2 − e3K1 − e1K2)](υ1+δ1)(ω1+υ3)
β1ω1ω2ρθhλ(K1 − e1K2)e− υ1τ . This critical value

represents the rate at which susceptible snails become infected by
miracidia in the presence of only a snail competitor.

3.1.4. Reproduction number with a predator
This represents the effective reproduction number within the model

involving a snail predator intervention, and isused to evaluate the
impact of introducing predatory snails in reducing disease transmission.
In this scenario, the competition term in Eq. (10), specifically e2(S∗ +X∗),

is set to zero. The resulting specific reproduction number, denoted as RY ,
is determined at the equilibrium point EYo for the predator-only model,
and it is given by:

Here, RHY =
β1ω2λe− υ1τ

Coυ1υ5(υ2+δ2+r1η1K1t1t2(η1 − au6)− (t2u6/t1K1))
represents the po-

tential number of new human infections per infected snail, and RSY =

β2ω1ρθhu6
Moυ4 t1(υ1+δ1)(ω1+υ3)(η1 − au6)

represents the potential number of new snail
infections per infected human, specifically in case where snail predation

RXY =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
β1ω2K1λ(t1(η1 − au6))

2e− υ1τ

Coυ1υ5((υ2 + δ2)K1(t1η1 − au6))2 + e2t1((η1 − au6)q1 + t2η1q2)

)

.

(
β2ω1ρθhu6

Moυ4t1(υ1 + δ1)(ω1 + υ3)(η1 − au6)

)√

RX =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
(1 − e1e3)β1ω2λe− υ1τ

υ1υ5Co[(1 − e1e3)(υ2 + δ2) + e2(K1 + K2 − e3K1 − e1K2)]

)

.

(
β2ω1ρθh(K1 − e1K2)

υ4Mo(1 − e1e3)(υ1 + δ1)(ω1 + υ3)

)√

(13)

RY =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
β1ω2λe− υ1τ

Coυ1υ5(υ2 + δ2 + r1η1K1t1t2(η1 − au6) − (t2u6/t1K1))

)

.

(
β2ω1ρθhu6

Moυ4t1(υ1 + δ1)(ω1 + υ3)(η1 − au6)

)√

(14)
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is the only control strategy. If we consider β2 = β∗
Y as the

bifurcation parameter with RY = 1, then β∗
Y =

υ1υ4υ5CoMot1(υ2+δ2+r1η1K1t1t2(η1 − au6)− (t2u6/t1K1))(υ1+δ1)(ω1+υ3)(η1 − au6)
β1ω1ω2u6ρθhλe− υ1τ represents the

rate at which susceptible snails become infected by miracidia when only
a snail predator is present in the environment.

3.2. The local stability of the disease-free equilibrium EXYo for model Eqs.
(1)-(9)

We present Theorem 3, which addresses the stability of the disease-
free equilibrium for the complete model system.

Theorem 3. The disease-free equilibrium point EXYo is locally asymptoti-
cally stable if RXY < 1 and unstable if RXY > 1

Proof. We show that Jacobianmatrix J(XY) of the model equation Eqs.
(1)-(9) has negative eigenvalue. The J(XY) at EXYo is given by

Here g1 = r1
(

1 − 2S∗+X∗

K1

)

− t1α1Y∗

(1+at1S∗)2
, g2 = − (υ2 + δ2 + e1(S∗ +

X∗) + t2Y∗ ), g3 = r2
(

1 − 2X∗+S∗
K2

)

, and g4 =
η1 t1S∗

1+at1S∗ − υ6. The negative

eigenvalues of J(XY) are:− υ1, − (υ1 + δ1), − (ω1 + υ3), − υ4 and − υ5.
The remaining eigenvalues can be obtained from a reduced 4 × 4 matrix
which results from J(XY), and its characteristic equation is expressed as:

λ4 − d1λ3 + d2 λ2 + d3λ + d4 = 0 (15)

J(XY) =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

− υ1 0 0 0 0 0 −
β1H∗

Co
0 0

0 − (υ1 + δ1) 0 0 0 0
β1H∗

Co
0 0

0 ρθh − (ω1 + υ3) 0 0 0 0 0 0

0 0 ω1 − υ4 0 0 0 0 0

0 0 0 −
β2S∗

Mo
g1

− r1S∗

K1
0

− r1S∗

K1

− t1S∗

1+ at1S∗

0 0 0
β2S∗

Mo
0 g2 0 0 t2Y∗

0 0 0 0 0 ω2 − υ5 0 0

0 0 0 0
− r2X∗

K2

− r2X∗

K2
0 g3 0

0 0 0 0
η1t1S∗

(1+ at1S∗)2
η2t2Y∗ 0 0 g4

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

Table 1
Model parameters and their descriptions.

Symbol Definition Symbol Definition

λ Human reproduction rate C0 Saturation coefficient for cercaria infectivity
β1 Human infection rate M0 Saturation coefficient for miracidia infectivity
β2 Snail infection rate ρ Portion of stool per person
τ Initial age of infection in children θh Number of eggs per gram of stool
δ1 Human mortality due to infection K Egg carrying capacity
δ2 IH snail mortality due to infection K1 Carrying capacity of host snails
υ1 Human mortality rate K2 Carrying capacity of competitor snail
υ3 Parasite egg mortality rate r1 Intrinsic growth rate of snails
υ2 IH snail mortality rate r2 Intrinsic growth rate of competitor snails
υ4 Miracidia death rate ε Crowding effect of miracidia/cercaria
bs IH snail birth rate t1 Attack rate of susceptible snail by a predator
υ5 Cercaria mortality rate t2 Attack rate of infected snail by a predator
ω1 Miracidia production rate a Handling time for susceptible snails by a predator
ω2 Cercariae emergence rate b Handling time of infected snail by a predator
e1 Competition factor against susceptible snails η1 Susceptible snail-to-predator conversion factor
e2 Competition factor against infected snails η2 Infected snail-to-predator conversion factor
e3 Competition factor against snail competitor υ6 Death rate of the predator

Z. Tabo et al.

94



Mathematical Biosciences 376 (2024) 109263

7

where,

The Ruth-Hurwitz criterion serves as both the necessary and suffi-
cient condition for establishing the asymptotic stability of EXYo . This
criterion ensures that all roots of the characteristic polynomial (Eq. (15))

have negative real components. This condition is fulfilled if the
inequality (d1d2 +d3)d3 + d21d4 ≤ 0 is satisfied. Consequently, for the
matrix J(XY) to have all eigenvalues negative, it is essential that
RXY ≤ 1, and EXYo achieves local asymptotic stability if RXY < 1.

3.3. Endemic equilibrium point of model Eqs. (1)-(9)

This represents a steady state solution that occurs when the disease
persists in the community, and is calculated by equating the derivatives
of the model equations (Eqs. (1)-(9)) to zero. Let EXY1 =

(
H∗

1, I∗1, E∗,M∗,

S∗1, I∗s , C∗,X∗
1, Y∗

1
)
be the endemic equilibrium with variables expressed

in terms of I∗s as follows:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

H∗
(
I∗s
)
=

λ
(
υ5Co+εω2I∗s

)
e− υ1τ

υ2
1υ5Co+υ1(ω2β1+ευ1ω2)I∗s

,

I∗
(
I∗s
)
=

β1ω1λe− υ1τI∗s
υ1(υ1+δ1)

[
υ1υ5Co+(β1ω2+ευ1ω2)I∗s

]

#

E∗
(
I∗s
)
=

β1ω1ρθhKλe− υ1τI∗s
υ1υ5CoK(υ1+δ1)(ω1+υ3)+(β1ω1ρθhKλe− υ1τ+β1ω2+ευ1ω2)I∗s

,

#

M∗
(
I∗s
)
=

β1ω2
1ρθhKλe− υ1τI∗s

υ1υ4υ5CoK(υ1+δ1)(ω1+υ3)+β1ω1ρθhKλe− υ1τ+ω2υ4(β1+ευ1)I∗s
,

S∗1
(
I∗s
)
=

υ6+t2(bυ6 − η2)I∗s
t1(η1 − aυ6)+t1t2(η1+aη2 − abυ6)I∗s

,

C∗
(
I∗s
)
=

ω2

υ5
I∗s ,

X∗
1
(
I∗s
)
=K2 − e3

(
υ6+t2(bυ6 − η2)I∗s

t1(η1 − aυ6)+t1t2(η1+aη2 − abυ6)I∗s
+I∗s

)

Y∗
1
(
S∗1,I

∗
s ,X

∗
1
)
=

β2S∗1I∗1 −
(
I0s+ε1I∗s

)(
υ2+δ2+e2

(
S∗+I∗s +X∗

))
I∗s(

1+bt2I∗s
)(
I0s+ε1I∗s

)

To determine I∗s , we use Eq. (5) of model (Eqs. (1)-(9)) at endemic
equilibrium when dX/dt= 0. Substituting S∗1

(
I∗s
)
and X∗

1
(
I∗s
)
, we obtain

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

d1 =

(

r1
(

1 −
2S∗ + X∗

K1

)

+
t1Y∗

(1+ at1S∗)2

)

+

(

r2
(

1 −
2X∗ + S∗

K2

))

+

(
η1t1S∗

1+ at1S∗
+ υ6

)

− (υ2 + δ2 + e1(S∗ + X∗) + t2Y∗ ),

d2 =

[(

r1
(

1 −
2S∗ + X∗

K1

)

+
t1Y∗

(1+ at1S∗)2

)

+

(

r2
(

1 −
2X∗ + S∗

K2

))][(
η1t1S∗

1+ at1S∗
+ υ6

)

− (υ2 + δ2 + e1(S∗ + X∗) + t2Y∗ )

]

−

[(
η1t1S∗

1+ at1S∗
+ υ6

)(

υ2 + δ2 + e1(S∗ + X∗) +
t2Y∗

α2

)

+ η2t∗22 Y
∗2
]

,

d3 =

[(

r1
(

1 −
2S∗ + X∗

K1

)

+
t1α1Y∗

(1+ at1S∗)2

)

+

(

r2
(

1 −
2X∗ + S∗

K2

))][(
η1t1S∗

1+ at1S∗
+ υ6

)

(υ2 + δ2 + e1(S∗ + X∗) + t2Y∗ ) + η2t∗22 Y
∗2
]

−

[(
η1t1S∗

1+ at1S∗
+ υ6

)

−

(

υ2 + δ2 + e1(S∗ + X∗) +
t2Y∗

α2

)][(

r1
(

1 −
2S∗ + X∗

K1

)

+
t1α1Y∗

(1+ at1S∗)2

)(

r2
(

1 −
2X∗ + S∗

K2

))

−
r1r2X∗

K1K2

]

+
η1α1t1S∗

(α1 + S∗)2

(
r1t2S∗Y∗

K1α2
−

t1S∗

1+ at1S∗

)

,

d4 =
η1α1r1t1t2X∗YS∗2

K1K2α2(1+ at1S∗)2
+

r1r2X∗

K1K2

(
η1t1S∗

α1 + S∗
+ υ6

)

(υ2 + δ2 + e1(S∗ + X∗) + t2Y∗ ) −
η1α1r1t1t2X∗YS∗2

K1K2α2(1+ at1S∗)2
r2
(

1 −
2X∗ + S∗

K2

)

−

η1α1(t1S∗)2

(1+ at1S∗)3

(

r2
(

1 −
2X∗ + S∗

K2

))

−

(

r1
(

1 −
2S∗ + X∗

K1

)

+
t1α1Y∗

(1+ at1S∗)2

)(

r2
(

1 −
2X∗ + S∗

K2

))[(
η1t1S∗

1+ at1S∗
+ υ6

)

(υ2 + δ2 + e1(S∗ + X∗) + t2Y∗ ) + η2t∗22 Y
∗2
]

.

Table 2
Model parameters, possible values and their sources.

Symbol Baseline value Ranges References

λ 8000/day 6000–10,000 [39]
β1 0.075/ day 0.028–0.122 [26]
β2 0.0006635/ day 0.000127–0.0012 [26]
τ 730days 730 [28]
δ1 0.0227/d ay 0.00039- 0.0227 [27,40]
δ2 0.018805/day 0.00122–0.03639 [27]
υ1 0.0028/day 0–0.5 [40]
υ3 0.004/day 0.004–0.0182 [26]
υ2 0.000569/day 0.0001–0.04 [23]
υ4 2 /day 2–10 [26]
bs 0.08/day 0.08–0.118 [26]
υ5 1/day 1–5 [26,41]
ω1 500/day [26]
ω2 4615/day 829–8400 [26,27]
e1 0–0.5/day 0–0.5 Varied
e2 0–0.5/day 0–0.5 Varied
e3 0.001/day 0.001 Estimated
Co 1000,000 1000,000 [24]
Mo 1000,000 1000,000 [28]
ρ 115 grams/day 70–160 [42]
θh 262/grams/day 10–513 [42]
K 1 × 105 1 × 105 [28]
Ks 1 × 105 1 × 105 [27]
K2 1 × 105 1 × 105 Estimated
r1 0.16 /day 0–0.5 Estimated
r2 1.5 r1/day 0–0.5 Estimated
ε 0.2 0.2–0.3 [24,39]
t1 0–4/day 0–4 Varied
t2 0–4/day 0–4 Varied
a 0- 3/day 0- 3 Varied
b 0–3/day 0- 3 Varied
η1 0.07 0–1 [10]
η2 0.09 0–1 [10]
υ6 0.02/day 0.0001–0.04 [23,30]
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an equation in the form

A1I∗2s + A2I∗s − A3 = 0 (16)

where

A1 = e3t1t2(1 − e3) (η1 + aη2 − abυ6),

A2 = t1t2K2(1+ e3)(η1 + aη2 − abυ6) + e3t1(1 − e3)(η1 − aυ6)

− t2
(
1+ e23

)
(bυ6 − η2)

A3 = t1K2(1+ e3)(η1 − aυ6) −
(
1+ e23

)
υ6.

The positive root of Eq. (14) provides the solution for I∗s , specifically:

I∗s =
− A2 ±

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
A2

2 + 4A1A3

√

2A1
.

This solution is valid and the endemic equilibrium point exists if
I∗s ∈ R+0, the set of non-negative real numbers.

3.4. Bifurcation analysis

To investigate both the type of bifurcation exhibited and the local
stability of the endemic equilibrium, EXY1 of the model (Eqs. (1)-(9)), we
use the center manifold theory described by Castillo-Chavez and Song
[34]. To apply this theory, a change of variables is introduced for the
normalized version of model (Eqs. (1)-(9)). i.e., introducing H = x1, I
= x2, E = x3, M = x4, S = x5, Is = x6, X = x8, Y = x9, the model is
transformed to:

ẋ1 = Λ1 −
β1x1x7
Co + εx7

− υ1x1 := f1,

ẋ2 =
β1x1x7
Co + εx7

− (υ1 + δ1)x2 := f2

ẋ3 = ρθhx2

(
1 −

x3
K

)
− (ω1 + υ3)x3 := f3,

ẋ4 = ω1x3 − υ4x4 := f4

ẋ5 = r1x5

(

1 −
x5 + e1(x6 + x8)

K1

)

−
β2x4x5
Mo + εx4

−
t1x5x9

1+ at1x5
:= f5,

ẋ6 =
β2x4x5
Mo + εx4

− (υ2 + δ2 + e2(x5 + x8) + x6)x6 −
t2x6x9

1+ bt2x6
:= f6

ẋ7 = ω2x6 − υ5x7 := f7,

ẋ8 = r2x8
(

1 −
x8 + e3(x5 + x6)

K2

)

:= f8

ẋ9 =
η1t1x5x9
1+ at1x5

+
η2t2x6x9

α2 + x6
− υ6x9 := f9

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(17)

The transformed model has the disease-free equilibrium given as

Ed0 =

(

x1∗ = λe− υ1τ

υ1
, x2∗ = 0, x3∗ = 0, x4∗ = 0, x5∗ = x5∗, x6∗ = 0,

x7∗ = 0, x8∗ = x8∗, x9
∗ = x9∗

)

. Let β2 = β∗∗ be the bifurcation

parameter, with RXY = 1, Subsequently, we have β∗∗ =

υ1υ4υ5CoMoK(υ1+δ1)(υ2+δ2+e2(S∗+X∗)+t2Y∗)

β1ω2ρθhλe− υ1 τ and the corresponding Jacobian matrix
of the model (Eq. (17)) at the Ed0 is:

where g1 = r1
(

1 − 2 x5∗+ x8∗
K1

)

− t1 x9∗

(1+at1 x5∗)2
, g2 = − (υ2 + δ2 + e2( x5∗ +

x8∗) + t2 x9∗ ), g3 = r2
(

1 − 2 x8∗+ x5∗
K2

)

, and g4 =
η1 t1 x5∗
1+at1 x5∗

− υ6. It is clear

J
(
Ed0
)
=

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

− υ1 0 0 0 0 0 −
β1x1∗

Co
0 0

0 − (υ1 + δ1) 0 0 0 0
β1x1∗

Co
0 0

0 ρθh − (ω1 + υ3) 0 0 0 0 0 0

0 0 ω1 − υ4 0 0 0 0 0

0 0 0 −
β∗∗ x5∗

Mo
g1

− r1 x5∗

K1
0

− r1 x5∗

K1

− t1 x5∗

1+ at1 x5
∗

0 0 0
β∗∗ x5∗

Mo
0 g2 0 0 t2 x9∗

0 0 0 0 0 ω2 − υ5 0 0

0 0 0 0
− r2 x8∗

K2

− r2 x8∗

K2
0 g3 0

0 0 0 0
η1t1 x5∗

(1+ at1 x5∗)2
η2t2 x9∗ 0 0 g4

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦
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that zero is a simple eigenvalue of the Jacobian matrix, J
(
Ed0
)
. The cor-

responding eigenvectors represent an approximate rate of infected
human/snails in an endemic state when the disease-free state is unstable
and the asymptotic distribution of the infected human/snails as the
disease dies out. Thus J(Ed0) has a right eigenvector u = (u1, u2, u3, u4,
u5, u6, u7, u8, u9) and a left eigenvector v = (υ1, υ2, υ3, υ4, υ5, υ6, υ7,

υ8, υ9) associated with zero eigenvalue satisfying the condition u.v = 1,
where

where M =
CoMor1v25(1+ at1x5∗)2(υ1+δ1)(ω1+υ3)(1+ at1x5∗)2

K1ω1ρθhβ1η1 t1(r1x5∗ − g3K1)x1∗
.

We compute the values of the coefficients a and b according to the
formulae in Castillo-Chavez and Song [34], where:

a =
∑9

k, i, j=1
vkuiuj

∂2fk
∂xi∂xj

(
Ed1, β

∗∗
)

b =
∑9

k, j=1
vkui

∂2fk
∂xiβ∗∗

(
Ed1, β∗∗

)

where the non-vanishing second-order partial derivatives at the disease-

free equilibrium Ed0, are algebraically given by

Thus, considering the signs and combining similar terms we obtain

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

u1
u2
u3
u4
u5
u6
u7
u8
u9

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

=

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

−
β1x1∗

Co
u7,

β1x1
∗

Co(υ1+δ1)
u7,

β1ρθhx1
∗

Co(υ1+δ1)(ω1+υ3)
u7,

β1ω1ρθhx1
∗

Coυ4(υ1+δ1)(ω1+υ3)
u7,

−
r1r2K1υ5x8∗

r1ω2(r1K2x5∗+r2K1x8∗)
u7,

υ5

ω2
u7,

u7>0

−
r1r2K1υ5(1+ at1x5∗)2x5∗x8∗

ω2g3η1t1x5∗(r1K2x5∗+r2K1x8∗)
u7,

−
r1r2K1υ5(1+ at1x5∗)2x5∗x8∗

ω2g3η1t1x5∗(r1K2x5∗+r2K1x8∗)
u7,

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
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∂2f2
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,
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=
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K

,
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=
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,

∂2f5
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=
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,
∂2f5

∂x5∂x6
=
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K1

,
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=
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,

∂2f6
∂x4∂x5

=
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,
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,
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v5u4u5
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K1

+ v6u5u6e2 + v5u5u6
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)

−

(

v2u1u7
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+ v3u2u3

ρθh
K

+ 2v5u52
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+ v6u6u8e2 + 2v6u6
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α2

+ 2v6u82
r2
K2

)
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b =
u4x5∗

Mo
(v5 + v6)

The positivity of the coefficient b has been established. As pointed
out by Castillo-Chavez and Song [34], the behavior of coefficient a de-
termines the specific characteristics of the local dynamics of the

equilibrium points. Consequently, if a < 0, the model system (Eq. (17))
will exhibit forward bifurcation where the endemic equilibrium is
locally asymptotically stable. Conversely, if a > 0, it will undergo
backward bifurcation. This can lead to the coexistence of stable and
endemic equilibria, and reducing the reproduction number RXY < 1 at
disease free equilibrium does not guarantee disease eradication. This
makes disease control more difficult, as both competition and predation
measures may still result in persistent low endemicity. To anticipate and
manage backward bifurcation, in addition to competition and predation
of snail-vector control measures, it is essential to implement more in-
terventions such as increased treatment coverage and public health
education. In addition, in order to respond to the dynamic changes in the
system and to prevent the disease from re-emerging, monitoring and
adaptive management strategies should be put in place.

4. Numerical simulations

We use the R statistical environment version 4.0.3 [35], and the main
R package for executing ordinary differential equations [36]. We use
information from relevant literature to determine the parameters of the
model (Table 2). Parameters not typically found in the literature are
replicated using expert knowledge, taking into account the prevailing
understanding of vector and disease dynamics in schistosomiasis. For
instance, the documented initial age of infection in children is typically
around 2 years (730 days) [37]. However, it is worth noting that the
disease can also affect very young children who are under the age of 2 if
they come into contact with contaminated freshwater sources through
activities such as washing. Furthermore, as reported by Cross and Benke
[38], the interaction between species in competitive scenarios can exert

Fig. 2. Partial rank correlation coefficients (PRCC) for sensitivity analysis of R0

with respect to each model parameter when no control measures are
implemented.

Fig. 3. Impact of varying competition against (a) susceptible snail population, and (b) infected snail population. The subsequent influence on (c) infectious cercariae
emerging from infected snails, and (d) human infections per infected snail.
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a substantial influence on the disparities observed in their respective
growth rates. Therefore, for comparison purposes, we assume that
inherent natural increase (r2) of the competitor snail will exhibit a 15 %
increment over the inherent natural increase (r1) of the IH snail. This is
closer to the 10 % assumed in a similar study conducted by Allen and
Victory [29]. In addition, we assume that r1, r2 ∈ [0, 0.5] because
values outside this range would indicate a doubling of the population
within less than two time units, and this may not be realistic given
reproduction and survival characteristics of snails. In addition, we as-
sume that both the competitor and the IH snail have the same carrying
capacities. Furthermore, we assume that infected snails are more
impacted by competition and that the competition coefficients are such
that e3 < e2 < e1 ∈ [0, 1] when the non-host competing snail out-
competes, otherwise the control agent is outcompeted. In addition, due
to the limited availability of data regarding IH snail predation, the
corresponding parameter values were adjusted over a range such that a,
b ∈ [0, 3], and t1, t2 ∈ [0, 4] to account for different potential predator
behaviors. For example, a predator’s interest in its next prey may
decrease as the number of prey items consumed increases, and some
may typically require a longer period of handling before they resume
hunting their next prey.

4.1. Sensitivity analysis of the model parameters

We performed a Partial Rank Correlation Coefficient (PRCC) test to
measure the robustness of the model to parameter values and support
the qualitative results of our analyses. PRCC helps identify which input
parameters have the most significant impact on the output (R0) of the

model. This information can be crucial in understanding the behavior of
the model, identifying influential factors, and making informed de-
cisions, such as determining which parameters should be targeted for
intervention strategies. Hence, we used the range of parameter values in
Table 2 and the expression for the basic reproduction number, R0, in
equation Eq. (12) to compute the PRCC (Fig. 2).

Parameters with positive PRCC values increase R0 when increased
and therefore lead to higher risk of infection and vice versa (Fig. 2).
However, an increase in parameters with negative PRCC values
including δ2, υ2, K1, υ4, υ5, Co, and Mo (Fig. 2) results in R0 reduction,
critical for disease extinction. Notably, snail mortality parameter, δ2 has
a greater influence on reducing R0, suggesting that increasing δ2 could
potentially decrease the endemicity of the disease. In addition, R0 is a
decreasing function of δ2 and υ2 therefore it makes sense that control
intervention targeting δ2 and υ2 would be an accepted strategy. This
study underscores the incorporation of biological control measures for
IH snails, with a particular focus on assessing how snail competitors and
predators influence the IH snail populations. Additionally, it examines
the subsequent impact on the cercaria population originating from
infected IH snails, which, in turn, poses a risk of disease transmission to
humans.

4.2. Impact of a snail competitor on the population dynamics of IH snails
and cercariae

We use a pure competition model with a snail competitor as a control
strategy to mitigate IH snail and the subsequent cercaria populations.
We fix e3 = 0.001 and vary the competition factors e1 and e2 to account

Fig. 4. Impact of varying the attack rate (t1, t2) of a predator on (a) susceptible snail population, and (b) infected snail population. The subsequent influence on (c)
infectious cercaria emerging from infected snail population, and (d) human infections per infected snail.
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for the variability in competition against the IH snail populations. This
accounts for different potential competitive snails that may behave more
specifically and competitively than the intermediate host in an
ecosystem. Our findings demonstrate a substantial reduction in the
number of susceptible IH snail population with increasing values of e1
(Fig. 3a) and a reduction in infected snail population, as well as the
subsequent emergence of cercaria population from infected snails, with
increasing values of e2 (Fig. 3b, 3c). As a result, there is a corresponding
decrease in the number of infected individuals per infected snail
(Fig. 3d). Based on our observations, snail competitors with higher
competitive abilities, such as e1, e2 > 0.001, are promising as effective
biological control agents. In particular, these competitors have the po-
tential to suppress especially the population of infected IH snails.
Consequently, the subsequent infective cercaria population from

infected snails is reduced leading to a potential reduction in human
infections and the transmission of schistosomiasis. This reduction could
potentially drive the reproduction number below 1, indicating a po-
tential for disease extinction. However, it is worth noting that some snail
competitors with lower competitive abilities (e1, e2 < 0.00025) are
ineffective control agents. Their coexistence can only bring about a
partial reduction in the IH snail population. The number of subsequent
infectious cercaria population and the corresponding human infection
per infected snail are still high. Thus, the reproduction number remains
higher than one, allowing the disease to persist.

4.3. Impact of a predator on the population dynamics of IH snails and
cercariae

We use the predator-only model with the predator as the only control
strategy. To account for variation in predation caused by several po-
tential predators of IH snails with specific predation abilities, we vary
the predation parameters. First, we investigate the effects of varying the
attack rates t1 and t2 of susceptible and infected snails, respectively. This
is done by fixing the handing times a = 0.25 and b = 0.175. The results
show that increasing the predator attack rate has a negative effect on the
IH susceptible snail population (Fig. 4a) and the infected snail popula-
tion as well as the subsequent cercaria population (Fig. 4b, 4c). Conse-
quently, there is a concurrent reduction in the number of infected

Fig. 5. Impact of varying the handling time (a, b) of a predator on (a) susceptible snail population, and (b) infected snail population. The subsequent influence on (c)
infectious cercaria emerging from infected snail population, and (d) human infections per infected snail.

Table 3
Various parameter sets representing distinct combinations of both snail com-
petitors and snail predators.

e1 e2 t1 t2 a b

Set 1 0.001 0.00001 0.002 2 3 0.5
Set 2 0.0001 0.00003 0.02 1 0.5 0.1
Set 3 0.00003 0.0001 0.2 0.04 0.05 0.5
Set 4 0.000001 0.001 2 0.004 0.005 1
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individuals per infected snail (Fig. 4d) and the disease is less prevalent.
Thus, predators with higher attack rates tend to be more effective as
biological control agents for IH snails (Fig. 4d). On the contrary, pred-
ators characterized by a low attack rate (t2 < 0.0002 hour/day) exhibit
reduced efficiency in regulating snail populations and achieving a
reduction of human infections to less than one individual (Fig. 4d) and
schistosomiasis may persist in the population.

Second, the effects of changing the handling times a and b of sus-
ceptible and infected snails, respectively, are examined. This is done by
fixing the attack rate t1 = 0.02 and t2 = 0.4.

The findings indicate that reducing the handling time of the IH snail
by the predator has adverse effects on both the IH susceptible snail
population (Fig. 5a) and the infected snail population, together with the
subsequent cercaria population (5b, 5c). In our findings, predators with
shorter handling times, exemplified by values where a = b < 0.05,
consistently prove to be more effective biological control agents in
reducing the IH snail population (Fig. 5a, b), consequently leading to a
reduction in the subsequent infectious cercaria population (Fig. 5c).
Consequently, the occurrence of human infections per infected snail is
notably lower (Fig. 5d), thereby alleviating the burden of schistosomi-
asis. Conversely, predators characterized by longer handling times (b >
1 hour/day) have limited efficacy as control agents. They are less effi-
cient in reducing the number of snail hosts, which, in turn, results in the
persistence of high human infection rates even in the presence of such

control measures (Fig. 5d). This persistence suggests that schistosomi-
asis may endure within the population. Thus, the dynamics ofschisto-
somiasis can be greatly determined by the handling time (a, b) and
attack rate (t1, t2) of the IH snails by the potential predator.

4.4. Impact of both a snail competitor and a predator on the population
dynamics of IH snails and cercariae

We investigate various scenarios employing both biological control
agents. We use randomized sets of competition and predation parame-
ters to simulate situations in which competition and/or predation can
exert either a strong or weak influence, or achieve intermediate impact
on IH snail populations. We use four sets of parameters as defined in
Table 3.

The findings reveal that the presence of potential snail competitors
and snail predators alongside IH snails can have a substantial impact on
their populations, leading to variations in emerging cercariae pop-
ulations and a reduction in the subsequent number of human infections
per infected snail, depending on the specific parameter sets (Fig. 6). In
general, decreasing e1, t2, a, and increasing e2, t1, b were found to be
optimal for effective management of IH snail populations and control-
ling schistosomiasis. For instance, in Set 4, the combination of a snail
competitor with high competitive abilities and a snail predator with
strong predation capabilities, especially against infected snail

Fig. 6. Impact of varying competition factors (e1, e2), attack rates (t1, t2), and handling times (a, b) on (a) susceptible snail population, and (b) infected snail
population. The subsequent influence on (c) infectious cercaria emerging from infected snail population, and (d) human infections per infected snail.
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populations, results in a lower incidence of human infections compared
to unity (Fig. 6d). This suggests that schistosomiasis transmission is
significantly less likely to occur, potentially creating disease-free envi-
ronments in areas where both biological agents are introduced or coexist
naturally. However, it is important to note that certain combinations of
snail competitors and snail predators can lead to high numbers of IH
snails, subsequent infectious cercariae, and human infections per
infected snail (Fig. 6d), which may contribute to disease persistence. In
such cases, these agents are less effective in controlling the disease.

5. Discussion

We formulated and analyzed a deterministic model for the control of
schistosomiasis by competitive and predatory control of the IH snails. In
the analysis, we explored the feasible region, and computed the stability
and characteristics of disease-free and endemic equilibrium points.
Additionally, bifurcation analyses were conducted, revealing instances
of backward bifurcation for specific parameter values. Sensitivity anal-
ysis of the basic reproduction number (R0) highlighted δ2 as the most
negatively influential sensitivity parameter, thus identifying it as a po-
tential intervention target. Therefore, the primary intervention strategy
was to introducenon-host competiting snails and/or snail predators to
reduce the population of IH snails and the infectious cercariae emerging
from the infected snail population.

Our study reveals that the distinct competitive advantage demon-
strated by competitor snails over IH snails significantly diminishes the
population size of IH snails, particularly among the infected subgroup,
along with a subsequent reduction in the emergence of cercariae. This
finding is consistent with empirical observations from field and labo-
ratory investigations, indicating that within a competitive ecological
context, characterized by resource scarcity, outcompeted populations
remain constrained in size. s As a result, some species within the pop-
ulation die off, while the survivors have reduced diminished reproduc-
tive rates and produce fewer infectious cercariae [45–48]. In some cases
of species shift, displacement, and invasion are most likely. In particular,
Pointier and McCullough [47] specifically documented a decline in the
population of IH snails Biomphalaria glabrata, coinciding with the pro-
liferation of competitors such as Melanoides tuberculata and Thiara gra-
nifera in certain habitats. This phenomenon results in limited interaction
of the schistosomes with humans and reduced disease prevalence. Our
findings are consistent with mathematical models suggesting that the
use of a suitable snail competitor as a biological control can strongly
influence infection dynamics, stop local transmission, and potentially
eradicate schistosomiasis [10,29]. However, the reverse case is also
proven, certain potential competitors are only less/average competitors
and that competition has less impact on susceptible IH snails, As a result,
cercariae-human interaction is high and disease can potentially spread.
This result complements a field study in which Lanistes carinatus species
were introduced into water canals and only a small decrease in the
density of B. pfeifferi was subsequently observed [49].

Predator attack and handling times are also important factors
affecting the control of schistosomiasis because they determine the
extent of predation on IH snails. According to our results, schistosomi-
asis prevalence correlates with handling time and inversely with attack
time. According to our results, predators making quick handling de-
cisions and attacking quickly may prey more on infected IH snails than
on healthy or susceptible IH snails, thus reducing their population and
shedding infectious cercariae. The findings of our study are supported by
studies showing that infected prey (snails) tend to be weaker, more
immobile, live in more accessible areas, and change their appearances or
behaviors, leaving them more vulnerable to predators [50,51], whereas
healthy snails may seek refuge beneath submerged aquatic plants near
transmission sites [29,15,49]. The presence of predators therefore plays
a significant role in both regulating and contributing to the success of
schistosomiasis control at transmission sites. A higher abundance of
potential snail-eating predators increases the effectiveness of

schistosomiasis control. Conversely, the low presence or absence disease
control predators explains the persistence of schistosomiasis in certain
areas [44,19]. For example, Madsen and Stauffer [44] observed that the
decline in fish density due to overfishing in Lake Malawi was linked to
increased schistosomiasis transmission in that region. On the other
hand, certain predators tend to opt for alternative food sources, failing to
effectively impact and reduce IH snail populations, thus limiting their
potential as effective biological control agents [49]. For example,Marisa
cornuarietis consumes not only juvenile and potentially adult vector
snails but also other snails [52].

Our study shows that specific combinations involving the competi-
tive abilities of a snail competitor and the predatory effectiveness of
certain species lead to a significant reduction in the population of IH
snails, with the reproductive numbers falling below unity, indicating
effective disease control measures. However, a notable observation is
that heightened levels of competition and predation, especially when IH
snails face intense competitive pressure and exploitative predation,
could potentially lead to the complete elimination of IH snail pop-
ulations. This outcome is characterized by instances of species
displacement and local extinction, underscoring the delicate balance
between competitive and predatory interactions. Furthermore, specific
scenarios emerge where the interaction disproportionately impacts
infected snails rather than susceptible IH snails. This unique dynamic
sustains the diversity of susceptible IH snails without triggering species
loss, potentially contributing to a more resilient ecosystem. However, it
is essential to acknowledge that certain predators exert a more restricted
influence on IH snails, allowing infected individuals to persist. Conse-
quently, this facilitation of infected snails’ survival maintains the pres-
ence of the disease in their vicinity, emphasizing the complexity of
predator-prey relationships within this context. Our findings are sub-
stantiated by several studies that demonstrated aggressive predation (e.
g., by some crustaceans) and competition between potential competitor
snails (e.g., Thiara granifera and Melanoides tuberculata). This led to
ecosystem invasions, which resulted in extinctions and the loss of spe-
cies, especially in the genera Biomphalaria and Bulinus [10,15,16,53].
Furthermore, ecologists and parasitologists have criticized some snail
predators for to their consumption of non-target gastropod species and
aquatic plant communities (water lilies). Consequently, the presence of
non-specific predators in large natural water bodies (lakes), poses a
threat to freshwater biodiversity, as seen in Lake Malawi and East Af-
rican lakes [17,43]. Nevertheless, some predatory fish, such as the
cichlid Astatoreochromis alluaudi, demonstrated only initial success and
proved ineffective in sustaining long-term snail control efforts, which is
likely due to their slow reproduction rate, which makes them less suit-
able for large-scale biocontrol initiatives [54]. This can be associated
with the fact that fish reproduce too slowly to be useful in large-scale
biocontrol efforts. However, it has also been reported that the reintro-
duction of native predators, e.g., river prawns or crayfish, has further
reduced the density of IH snails [10]. Consequently, if biological agents,
especially native ones, are experimentally evaluated for their competi-
tive and predatory capabilities, integrated control measures may prove
to be both cost-effective and long-lasting. This outcome aligns with the
discovery that certain natural predators of disease vectors offer viable
ecological approaches to disease control [55]. For instance, an optimal
approach could involve using snails as competitors only when their
competitive abilities match those of susceptible IH snails and to use
predators with average attack rates and quicker handling times. This
approach offers a naturally cost-effective in implementation, environ-
mentally friendly, and self-sustaining strategy for managing IH snails
and eliminating schistosomiasis. Thus, population growth models such
as the one presented here can be helpful in hypothesis testing, landscape
planning, or scenario analysis prior to the management of predator and
competitor snail populations. We conclude that selective
competitor-predator intervention is a way forward to control schisto-
somiasis in style of a nature-based and sustainable manner.
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6. Future work

We propose three important tasks for the future. First, despite the
benefits of using a population growth model for a priori testing of
schistosomiasis dynamics, field and laboratory research is needed to
gain a better understanding of the mechanisms responsible for gener-
ating these dynamics. Native snail competitors and snail predators need
to be tested under controlled and in situ conditions to determine
whether their effects on IH snails are minor and ineffective, or whether
they exploit them, resulting in invasive, colonizing, or extinction
behaviors.

Secondly, the structure and setup of the population growth model
and its parameter values can influence the results. For example, adding a
climate component to the model could be useful, as climatic variables
may affect the schistosomiasis life cycle over time. Furthermore, the lack
of experimental parameter values in the literature is a challenge for
model parameterization.

Thirdly, there is a need to explore alternative vector control
methods, including molluscicides, physical removal, and environmental
modifications.

Therefore, our model with its competition rates, attack and handling
times should be seen as a tool to test the effects and hypotheses of bio-
logical control methods in relation to the spread of schistosomiasis.
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Abstract 15 

Schistosomiasis, a prevalent public health issue specifically in sub-Saharan Africa, is primarily 16 

attributed to Schistosoma haematobium and Schistosoma mansoni, often occurring concurrently. 17 
These schistosome species share similarities in life cycles and transmission, manifesting 18 

comparable infection patterns and susceptibility to temperature variations. This study investigates 19 
the influence of temperature control not only on the transmission of individual species but also on 20 
their mutual interactions and co-infection dynamics using a mathematical model. Sub-models and 21 

co-dynamic properties, including reproduction numbers, equilibrium states, and stability 22 
conditions, are derived. Sensitivity analysis is performed to clarify the impact of parameter 23 

variations on model stability. Results suggest that temperature variation increases the spread of S. 24 

haematobium, which enhances susceptibility to S. mansoni co-infection, possibly by altering the 25 

immune response. At moderate temperatures (20°C and 25°C), infection levels in both single and 26 
co-infected individuals are higher, while recovery rates increase with temperature, peaking at 25°C 27 

and 35°C as infections significantly decrease. Biomphalaria snails exhibit greater population 28 
growth and susceptibility to infection than Bulinus snails, particularly below 25°C. Above this 29 
temperature, Biomphalaria population decreases while Bulinus species are more likely to 30 

experience faster mortality. These temperature-related variations differently impact mortality rates 31 
of intermediate snails and snail-to-human transmissibility rates for schistosome species, holding 32 

significant health implications. Targeting snails during seasons below 25°C, when susceptibility is 33 
higher, and intensifying human treatment interventions around 25°C-35°C, where recovery rates 34 

peak, may yield optimal results, particularly during seasons with intermediate temperatures around 35 
25°C for both snails and humans. The results underscore the importance of integrating temperature 36 

into models for predicting and managing schistosomiasis dynamics for both genera. Therefore, this 37 
model is applicable not only to sub-Saharan Africa, but also to other regions where the described 38 
temperature ranges match with the local climate.   39 

Key Words: Neglected tropical disease, temperature, mutual interaction, co-infection, 40 
reproduction number, control.  41 

1. Introduction   42 

Schistosomiasis, a neglected tropical disease (NTD), is widely prevalent in sub-Saharan Africa 43 
characterized by poverty and limited access to safe drinking water and proper sanitation facilities 44 
[1]. The disease poses a significant health risk to the population, with annual death rates estimated 45 
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to be around 200,000 to 280,000 deaths per year [2]. It is important to note that these figures are 46 

subject to change as new data becomes available as efforts to control and treat schistosomiasis 47 

continue to progress [1]. Schistosomiasis is caused by parasitic worms known as Schistosoma 48 
trematodes, or blood flukes. These worms are transmitted to humans through intermediate host 49 
snails [3, 4]. While various species of schistosomes can infect humans [5], Schistosoma mansoni 50 
and Schistosoma haematobium are particularly prevalent and exert a significant burden on 51 
countries in sub-Saharan Africa [4]. These two types of schistosomes are closely related and have 52 

similar complex life cycles and transmission dynamics, but they differ in their distinct pathological 53 
profiles. Schistosoma mansoni causes intestinal schistosomiasis and is transmitted by various snail 54 
species of the Biomphalaria genus within the Planorbidae family [6]. On the other hand, S. 55 
haematobium causes urogenital schistosomiasis and is transmitted by specific snails belonging to 56 
the Bulinus genus within the Bulinidae family [7].  57 

The life cycle of the schistosome begins with cercaria shedding from infected snails into the water. 58 

Within a few seconds of contact with the human host, they can penetrate through the skin and 59 
invade the body. The cercaria larvae enter the circulatory system and migrate through the lungs to 60 
the liver where they transform into adult schistosomes and mate inside the body. Subsequently, 61 
adult couples migrate to their final destination to reproduce. Schistosoma mansoni moves to the 62 

blood arteries and the portal system where the females release their eggs through the intestinal 63 
walls and are expelled from the body in feces into freshwater sources. Conversely, S. haematobium 64 

migrates to the vessels of the urinary bladder, where females produce eggs that pass through the 65 
bladder wall and are excreted in the urine contaminating freshwater sources. The eggs of both 66 
schistosome species hatch into miracidia larvae in freshwater. These larvae exclusively infect 67 

respective intermediate host snails, where they undergo transformation into cercaria larvae. 68 
Subsequently, these cercariae infect humans, completing the life cycle [8, 9].  69 

Human schistosomiasis has a wide-ranging impact on various organ systems, affecting the 70 
cardiopulmonary, gastrointestinal, genital, and central nervous systems. Infections caused by S. 71 
mansoni may result in complications such as pulmonary hypertension and schistosomal 72 

appendicitis, and many other [1, 10,11]. In contrast, S. haematobium infection manifests with 73 
symptoms including, but not limited to, hematuria, bladder cancer, anemia, and infertility [1, 12]. 74 

Additionally, co-infection with both S. haematobium and S. mansoni can lead to a more 75 
complicated immune-mediated glomerulopathies [13]. Currently, the anthelmintic praziquantel is 76 
the primary treatment for both schistosomiasis forms, given its efficacy against adult worms, while 77 
no effective vaccine is available yet [14]. Although praziquantel reduces worm burden, it may not 78 

eliminate immature worms or eggs, and concerns about drug resistance and re-infections following 79 
treatment have been raised [15]. To manage schistosomiasis effectively, continued research and 80 
surveillance are essential [16]. Hence, accounting for the particular species involved in both single 81 

infections and mixed co-infections of schistosomiasis becomes critical for disease treatment, 82 
control, and overall human health, given that humans serve as the definitive host. 83 

In sub-Saharan Africa, persistent transmission of both single and mixed schistosomiasis can be 84 

influenced by various factors, including climate change and global warming. Among these factors, 85 
temperature plays a significant role in snail distribution and population size, affecting some traits 86 
of the schistosome life cycle and overall human infection dynamics [17, 18]. The differing 87 
responses of hosts and parasites to temperature fluctuations can either elevate or reduce disease 88 
prevalence [19]. While literature links schistosomiasis to various diseases [20, 21, 22], existing 89 
mathematical models focus on co-infections but lack consideration of climate change. These 90 
models explore schistosomiasis interactions with other diseases but overlook climate factors [23], 91 
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[24, 25, 26, 27]. Furthermore, laboratory experiments conducted by Mangal et al. [17] on the 92 

Biomphalaria-S. mansoni system and Kalinda et al. [18] on the Bulinus-S. haematobium system 93 

have yielded crucial temperature-dependent data regarding schistosome life cycle traits. Utilizing 94 
models parameterized by such data becomes imperative, especially in regions like Sub-Saharan 95 
Africa, particularly East Africa, where local temperatures align with the temperature ranges 96 
observed in these experiments and where both infections coexist [2, 22]. Despite the significance 97 
of this data, a noticeable gap exists in the absence of a mathematical model that employs this 98 

information to elucidate the impact of temperature variations on schistosomiasis transmission, 99 
distinguishing between single-species infections and their mixed co-infection interactions. This 100 
study aims to develop a globally applicable mathematical model, inspired by the classic SIR model, 101 
to quantitatively predict temperature control over the trends, interactions, and differences in S. 102 
mansoni and S. haematobium co-infection dynamics for effective disease control planning. The 103 

selection of the SIR model for investigating the spread of single and mixed schistosomiasis 104 

infections at the population level agrees with similar co-dynamic models found in the existing 105 
literature [25, 26, 27]. However, our study uniquely incorporates temperature as a crucial factor 106 

influencing transmission rates, Schistosoma species interaction, and co-infection dynamics, which 107 

provides new insights into the optimisation of intervention strategies based on climatic variations. 108 

2. Material and Methods 109 

2.1.  Co-dynamics model formulation and equations 110 

In our co-dynamics model studying the interactions between S. mansoni and S. haematobium, we 111 

divide the total human population (𝑁ℎ) into different subpopulations. These subpopulations include 112 

susceptible humans (H), individuals infected with only S. mansoni (𝐼𝑚), individuals infected with 113 

only S. haematobium (𝐼ℎ), individuals infected with both strains (𝐼ℎ𝑚), individuals who have 114 

recovered from S. mansoni (𝑅𝑚), individuals who have recovered from S. haematobium (𝑅ℎ), and 115 

individuals who have recovered from both strains (𝑅ℎ𝑚). Similarly, the total population of 116 

Biomphalaria snails (𝑁1) is divided into susceptible snails (𝑆1) and infected snails (𝐼1), while the 117 

total population of Bulinus snails (𝑁2) is divided into susceptible snails (𝑆2) and infected snails 118 

(𝐼2). Mathematically, we can express these subdivisions as follows: 𝑁ℎ = 𝐻 + 𝐼𝑚 + 𝐼ℎ + +𝐼ℎ𝑚 +119 

𝑅𝑚 + 𝑅ℎ + 𝑅ℎ𝑚 , 𝑁1 = 𝑆1 + 𝐼1, and 𝑁2 = 𝑆2 + 𝐼2. Consequently, we describe a co-dynamics 120 
model using a system of ordinary differential equations Eq. (1-11).  121 

𝐻′ = 𝛬ℎ + 𝜀𝑅ℎ + 𝛼𝑅𝑚 + 𝜃𝑅ℎ𝑚 − (𝛽𝑖(𝑇)𝐼2 + 𝛽𝑢(𝑇)𝐼1)𝐻 − 𝜐1𝐻 (1) 

 

𝐼𝑚
′ = 𝛽𝑖(𝑇)𝐼2𝐻 − 𝛽𝑢(𝑇)𝐼1𝐼𝑚 − (𝛾 + 𝛿𝑖 + 𝜐1)𝐼𝑚 (2) 

 

𝐼ℎ
′ = 𝛽𝑢(𝑇)𝐼1𝐻 − 𝛽𝑖(𝑇)𝐼2𝐼ℎ − (𝜔 + 𝛿𝑢 + 𝜐1)𝐼ℎ (3) 

 

𝐼ℎ𝑚
′ = 𝛽𝑢(𝑇)𝐼1𝐼𝑚 + 𝛽𝑖(𝑇)𝐼2𝐼ℎ − (𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1)𝐼ℎ𝑚 

 

(4) 

 

𝑅𝑚
′ = 𝛾𝐼𝑚 + 𝜏1(1 − 𝛿)𝐼ℎ𝑚 − (𝛼 + 𝜐1)𝑅𝑚 (5) 

 

𝑅ℎ
′ = 𝜔𝐼ℎ + (1 − 𝜏1)(1 − 𝛿)𝐼ℎ𝑚 − (𝜀 + 𝜐1)𝑅ℎ (6) 

 

𝑅ℎ𝑚
′ = 𝛿𝐼ℎ𝑚 − (𝜃 + 𝜐1)𝑅ℎ𝑚 (7) 
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𝑆1
′ = 𝛬1 − 𝛽1(𝑇)(𝐼ℎ + 𝐼ℎ𝑚)𝑆1 − 𝛾1(𝑇)𝑆1 (8) 

 

𝐼1
′ = 𝛽1(𝑇)(𝐼ℎ + 𝐼ℎ𝑚)𝑆1 − (𝛾1(𝑇) + 𝛼1(𝑇))𝐼1 (9) 

 

𝑆2
′ = 𝛬2 − 𝛽2(𝑇)(𝐼𝑚 + 𝐼ℎ𝑚)𝑆2 − 𝛾2(𝑇)𝑆2 (10) 

 

𝐼2
′ = 𝛽2(𝑇)(𝐼𝑚 + 𝐼ℎ𝑚)𝑆2 − (𝛾2(𝑇) + 𝛼2(𝑇))𝐼2 (11)  

 

All temperature variant parameters are given as functions of temperature, T. Human population 122 

increase exponentially with a recruitment rate given by 𝛬ℎ = 𝛬𝑟𝑒
−𝜐1𝜏, where 𝛬𝑟 is the maximum 123 

per capita birth rate/immigration rate of human individuals, 𝜐1 is the natural mortality rate of 124 

humans and 𝜏 is the earliest age at which an individual is infected. Reproduction rates for Bulinus 125 

and Biomphalara snails are respectively, 𝛬1 and 𝛬2, while the corresponding natural death rates 126 

are 𝛾1(𝑇) and 𝛾2(𝑇). The transmissibility of S. haematobium and S. mansoni is, respectively, 𝛽𝑢(𝑇) 127 

and 𝛽𝑖(𝑇) to humans, 𝛽1(𝑇) and 𝛽2(𝑇) to snails. In humans, S. mansoni and S. haematobium-128 

related death rates are 𝛿𝑖  and 𝛿𝑢, whereas in Bulinus snails and Biomphalaria, they are 𝛼1(𝑇) and 129 

𝛼2(𝑇). The recovery rates from S. mansoni, S. haematobium and co-infection are denoted as 𝛾, 𝜔, 130 

and 𝛿 respectively, while the immunity waning rates are represented by 𝛼, 𝜀, and 𝜃. The portion of 131 

co-infected individuals who recover from S. mansoni is given by the term 𝜏1(1 − 𝛿), and the co-132 

infected individuals who recover from S. haematobium only are described by (1 − 𝜏1)(1 − 𝛿). 133 

Hence, the model investigates the comprehensive dynamic effects of a temperature-driven system 134 
on schistosomiasis. The model was parameterized using both real experimental temperature 135 

variants and non-temperature variants from the literature. 136 

2.2. Temperature variant parameters 137 

We collected temperature-dependent data from real experimental and laboratory studies conducted 138 

by Mangal et al.[17] for the Biomphalaria-S. mansoni system and Kalinda et al. [18] for the 139 
Bulinus-S. haematobium system. Data from Mangal et al. 2008 [17] included temperature-140 

dependent parameters 𝛽𝑖(𝑇) , 𝛽2(𝑇), 𝛼2(𝑇), 𝛾2(𝑇) at each with distinct values at 20, 25, 30, and 141 

35 °C (see Table A.1 in Appendix A). Similarly, data from Kalinda et al. 2017 [18] covered 142 

temperature-dependent parameters 𝛽𝑢(𝑇) , 𝛽1(𝑇), 𝛼1(𝑇), 𝛾1(𝑇) across 15, 22, 25.8, 31, and 36 °C 143 
(Table A.2 in Appendix A). The data underwent analysis to formulate equations capturing the 144 

impact of temperature control on the two systems in actual static environmental conditions. For 145 
data analysis, we selected a common temperature range of 20 to 35 °C for both systems. We 146 

computed R-squared values and determined the regression equations that produced the highest 147 
adjusted value for each temperature-dependent parameter. The regression equations, representing 148 

the best fit for the data (curve fitting), are provided in Table 1. Note that Kalinda et al. 2017 [18] 149 
excluded Schistosomiasis transmission to snails. Yet, statistical comparisons [28, 29, 30] suggest 150 
higher S. haematobium prevalence where both species coexist, therefore, we assumed implying 151 

𝛽1(𝑇) > 𝛽2(𝑇).  152 

Table 1: Temperature-dependent parameters, symbols, derived curves, ranges, and their sources  153 
Parameter Biomphalaria-S. mansoni system Values/day  References 

Definition Symbol Derived regression equations range of values  
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Transmissibility of 

Schistosomiasis to humans 

𝛽𝑖(𝑇) 0.000066𝑇2 + 0.00259𝑇 − 0.0488 0.03469 − 0.12270 [17] 

Transmissibility of 

Schistosomiasis to snails 

𝛽2(𝑇) −0.000009830𝑇2 + 0.0006148𝑇 − 0.00826 0.00032 − 0.00135 [17] 

Schistosomiasis-induced 

death in snails 
𝛼2(𝑇) 0.00008𝑇2 − 0.00122𝑇 − 0.00545 0.04985 − 0.07744 [17] 

Natural death rate of snails 𝛾2(𝑇) 0.000112𝑇2 − 0.00521𝑇 + 0.0633 0.00271 − 0.01815 [17] 

 Bulinus-S. haematobium system   

Transmissibility of 

Schistosomiasis to humans 

𝛽𝑢(𝑇) 0.0063𝑇 − 0.098 0.0280 − 0.12250 [18] 

Transmissibility of 

Schistosomiasis to snails 

𝛽1(𝑇) 1.2𝛽2(T) 0.00037 − 0.00162 [18] 

Schistosomiasis-induced 

death in snails 
𝛼1(𝑇) 0.0000732𝑇2 − 0.00203𝑇 + 0.01484 0.00449 − 0.03346 [18] 

Natural death rate of snails 𝛾1(𝑇) 0.0000794𝑇2 − 0.002608𝑇 + 0.02215 0.00239 − 0.02814 [18] 

The derived equations serve as valuable tools for assessing, comparing, and differentiating between 154 
the two genera under prevailing or anticipated climatic conditions. They provide a means to 155 

evaluate transmissibility, survival rates, and mortality rates for both genera within areas 156 
characterized by temperatures ranging from [20, 35]°C. The applicability of these equations is 157 

particularly relevant in Sub-Saharan Africa, specifically East Africa, where Biomphalaria and 158 
Bulinus species are common, and both S. mansoni and S. haematobium infections are prevalent. 159 

The specified temperature ranges align with the local climate in the region, making the equations 160 
pertinent for studies and assessments such settings at local or global geographical context. 161 

2.3. Temperature invariant parameters  162 

All non-temperature-dependent parameters used in the model were either derived from existing 163 

literature or estimated based on expert knowledge (Table 2). For instance, previous observations 164 
by Gryseels et al. [4] indicated that schistosomiasis commonly initiates infection in a child at the 165 
age of two years. In our model, we represented this age of infection using the parameter τ, set to 166 

correspond to 730 days. Nevertheless, it is important to acknowledge that infants younger than two 167 
years can also contract the disease if they come into contact with infected freshwater during 168 

activities such as bathing babies. Additionally, the research by Cunin et al. [28], Garba et al. [29], 169 
and Nassar et al. [30] reveal a higher occurrence of S. haematobium in areas of coexistence with S. 170 

mansoni. Therefore, based on this knowledge, we assume that 𝛿𝑢 > 𝛿𝑖 𝛾 >  𝜔 >  𝛿, and 𝛼 > 𝜀 >171 

𝜃. Note that the values of waning immunity 𝛼, 𝜀, and 𝜃 lie between 0 and 1 because they reflect a 172 

proportion or fraction of the original immunity that remains effective at a given point in time. As ε 173 
approaches 1, immunity remains strong, while as ε approaches 0, immunity weakens or fades away. 174 

Similarly, the values of the recovery rates after treatment (𝛾, 𝜔) lie between 0 and 1 because they 175 

represent a proportion or fraction of the original individuals that remain effective at a given point 176 

in time. As 𝛾, 𝜔 approaches 1, treatment becomes 100% effective, while as 𝛾, 𝜔 approaches 0, no 177 
individuals recover, and the treatment is not effective. Note that there is no existing epidemic data 178 
for both genera to cross-verify their, waning immunity, treatment effectiveness and recovery rates. 179 
We incorporated certain values from the literature and estimated others within the range of [0, 1]. 180 

Table 2: Temperature-invariant parameters, symbols, ranges and baseline values, and sources  181 

Symbol Definition Range of values/day Baseline values References 

𝛬ℎ Human reproduction rate  100-8,000 100 [31, 32] 

𝛬1 Bulinus snail reproduction rates  100 100 [33] 

𝛬2 Biomphalaria snail reproduction rates  100 100 [33] 

109



𝜏 Age at first infection in a child 730 730 [4] 

υ1 Human mortality rate 0.0000428-0.0000468 0.0000448 [34] 

𝛿𝑖 S. mansion-human-related death rate  0.000591-0.0039 0.000591 [32, 34] 

𝛿𝑢 S. haematobium-human-related death rate 0.000591-0.0039 0.0039 [32, 34] 

𝛾 Recovery rates of S. mansoni-infected individuals 0 < 𝛾 < 1 0.050 Estimated 

𝜔 Recovery rates of S. haematobium-infected 

individuals 
0 < 𝜔 < 1 0.0181 [26] 

𝛿 Recovery rates of co-infected individuals from 

both infections 
0 < 𝛿 < 1 0.012 Estimated 

𝜏1 Recovery rates of co-infected individuals from S. 

mansoni infection only 
0 < 𝜏1 < 1 0.4 Estimated 

𝜀 Schistosoma haematobium waning immunity 0 < 𝜀 < 1 0.013 [26] 

𝛼 Schistosoma mansoni waning immunity 0 < 𝛼 < 1 0.04 Estimated 

𝜃 Co-infection waning rate 0 < 𝜃 < 1 0.009 Estimated 

 182 

 2.4. Steady states and the transmissibility of infections 183 

In this study, we examined the stability of infections using both the disease-free equilibrium (𝐸0) 184 

and the endemic equilibrium (𝐸1) and assessed the transmissibility of the infections using the basic 185 

reproduction number (𝑅0). The disease-free equilibrium represents a state with no active 186 

transmission, while the endemic equilibrium signifies ongoing and stable disease transmission 187 
within the population. The disease-free equilibrium 𝐸0 provides a basis for evaluating the 188 

effectiveness of control measures, whereas 𝐸1 offers insights into the persistence and stability of 189 

schistosomiasis, while 𝑅0 quantifies the average number of new infections caused by a single 190 

infectious individual in a susceptible population [35]. If 𝑅0 > 1, schistosomiasis can emerge, 191 

spread, and persist. Conversely, if 𝑅0 < 1, the disease-free equilibrium is more likely, as on 192 
average, less than one new case is generated during the infectious period. The interplay of the 193 

equilibria and 𝑅0 conditions under climate factors like temperature is vital for shaping public health 194 

strategies, providing insight into disease potential, control measure effectiveness, and disease 195 
elimination likelihood. 196 

2.5. Sensitivity of transmissibility to model parameters 197 

We performed a sensitivity analysis using the partial rank correlation coefficient (PRCC) to assess 198 

the impact of individual input parameters on the output variable 𝑅0. In this analysis, the data is 199 
reorganized in ascending order, and the ranks of the variables are substituted. The parameters 200 

exhibiting a positive (negative) sign result in an increase (decrease) in the output when they are 201 
increased (decreased), and vice versa. The PRCC provides a measure of the monotonic relationship 202 
after removing the linear effects of each model parameter while holding all other parameters 203 

constant [36]. By employing this approach, one can identify parameters that exert the most 204 
significant influence and should be the target of interventions. Note that all the simulations methods 205 
and the statistical analysis were generated using the R statistical environment v. 4.0.3 [37].  206 

3. Qualitative results 207 

In this study, we formulated a co-dynamic model Eq. (1-11) which can be subdivided into variables 208 

𝐻, 𝐼ℎ, 𝑅ℎ, 𝑆1, and 𝐼1 to create a specific sub-model for S. haematobium (SH) infection dynamics 209 

and variables 𝐻, 𝐼𝑚, 𝑅𝑚, 𝑆2, and 𝐼2 to create a specific sub-model for S. mansoni (SM) infection 210 
dynamics (see the separate sub-model equations in the Appendix B). The sub-models facilitated 211 
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independent analyses of the dynamics of single infections by each Schistosoma species. Sections 212 

3.1-3.6 present analyses of the disease-free equilibrium, reproduction number, establishment of 213 

endemic equilibria, mutual interaction, and treatment impact for both sub-models and the co-214 
dynamic model. The numerical stability analysis for the equilibrium points in the sub-models and 215 

co-dynamics is shown in Appendix B. Note that for simplicity, we use the notations; 𝛽1(𝑇) =216 

𝛽1, 𝛽2(𝑇) = 𝛽2, 𝛾2(𝑇) = 𝛾2, 𝛽𝑢(𝑇) =  𝛽𝑢, 𝛽𝑖(𝑇) =  𝛽𝑖, 𝛼1(𝑇) = 𝛼1, 𝛼2(𝑇) = 𝛼2, 𝛾1(𝑇) = 𝛾1 and 217 

𝛾2(𝑇) = 𝛾2 in all the sections that follow 218 

3.1. Schistosoma haematobium (SH) sub-model  219 

To analyze the stability of the SH sub-model, we first established the disease-free equilibrium 220 

(𝐸0ℎ) and reproduction number (𝑅0ℎ) of the S.haematobium infection. The SH sub-model has a 221 
disease-free equilibrium point given as   222 

𝐸0ℎ = (𝐻
∗, 𝐼ℎ

∗, 𝑅ℎ
∗ , 𝑆1

∗;  𝐼1
∗) = (

𝛬ℎ

𝜐1
, 0, 0,

𝑆1

𝛾1
, 0) 223 

Using a method and next-generation matrix approach [35, 38], we show that   224 

𝐹 = (
0

𝛽𝑢𝛬ℎ

𝜐1
𝛽1𝛬1

𝛾1
0
),  𝑉 = (

(𝜔 + 𝛿𝑢 + 𝜐1) 0
0 (𝛾1 + 𝛼1)

) 225 

where F is the rate at which new infections arise in one compartment, and V is the rate at which 226 

people and Biomphalaria snails are transferred into that compartment. According to a Jacobian 227 

matrix evaluated at 𝐸0ℎ, 𝑅0ℎ is the dominant eigenvalue of 𝐹𝑉−1 given as  228 

𝑅0ℎ = √
𝛽1𝛽𝑢𝛬1𝛬ℎ

𝜐1𝛾1(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)
                                               (12) 229 

At different temperatures, 𝑅0ℎ in equation Eq. (12) depends on temperature 𝑇, portraying the 230 

standard expression of 𝑅0ℎ(𝑇) for Schistosoma haematobium new cases, governed by temperature-231 

sensitive parameters 𝛽1, 𝛽𝑢, 𝛾1, and 𝛼1. When 𝑅0ℎ < 1 for specific temperature values, the SH 232 

sub-model shows a disease-free equilibrium, countering infection. Conversely, when 𝑅0ℎ > 1, an 233 

endemic equilibrium point 𝐸ℎ appears in the SH sub-model, promoting infection persistence and 234 
establishment. By setting the system of differential equations in the SH sub-model to zero allows 235 

for the computation of the endemic equilibrium point 𝐸ℎ = (𝐻
", 𝐼ℎ

" , 𝑅ℎ
" , 𝑆1

";  𝐼1
"), expressed in terms 236 

of 𝐼ℎ, where 237 

𝐻" =
(𝛾1+𝛼1)((𝜀+𝜐1)𝛬1+𝜀𝜔𝐼ℎ

" )(𝛽1𝐼ℎ
"+𝛾1)

(𝜀+𝜐1)(𝛾1+𝛼1)(𝛽1𝐼ℎ
"+𝛾1)

, 𝑅ℎ
" =

𝜔

(𝜀+𝜐1)
𝐼ℎ
"
, 𝑆1
" =

𝛬1

(𝛽1𝐼ℎ
"+𝛾1)

𝐼ℎ
"
, 𝐼1
" =

𝛽1𝛬1𝐼ℎ
"

(𝛾1+𝛼1)(𝛽1𝐼ℎ
"+𝛾1)

𝐼ℎ
"
, 238 

By substituting the values of 𝐻" and 𝐼1
" into the equation representing S. haematobium infected 239 

humans (𝐼ℎ) from the SH sub-model, we can obtain the solution for 𝐼ℎ
" . The resulting polynomial, 240 

given by equation Eq. (13), satisfies the endemic equilibrium of the SH sub-model. 241 

𝜆3 + 𝑎2𝜆
2 + 𝑎1𝜆 + 𝑎0 = 0                                                        (13) 242 
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where 𝑎0 = −
𝛾1𝛽𝑢𝛽1𝛬1𝛬ℎ

𝛽1(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)
, 𝑎1 =

(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)(𝛾1−𝛽1𝛬ℎ)−𝛾1𝛽𝑢𝛽1𝛬1

𝛽1(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)
,  243 

𝑎2 =
(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)(𝛾1−𝛽1𝛬ℎ)−(𝛾1+𝛼1)𝜀𝜔𝛾1𝛽𝑢𝛽1𝛬1

𝛽1𝛾1(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)
.  244 

There is no doubt that 𝑎0 < 0, and in accordance with Descartes' rule of signs [39], if any or both 245 

of 𝑎1 and/or 𝑎2, at least one positive root results, and endemic equilibrium exists. Note that the 246 

prevalence of endemicity and infection levels across subpopulations fluctuates with environmental 247 
shifts caused by temperature variations. 248 

3.2. Schistosoma mansoni (SM) sub-model 249 

A disease-free equilibrium point for the SM sub-model is given as 250 

𝐸0𝑚 = (𝐻
∗, 𝐼𝑚

∗ , 𝑅𝑚
∗ , 𝑆2

∗, 𝐼2
∗) = (

𝛬ℎ

𝜐1
, 0, 0,

𝑆2

𝛾2
, 0) 251 

Similarly, we show that the SM sub-model has a reproduction number 𝑅0𝑚 given as  252 

𝑅0𝑚 = √
𝛽2𝛽𝑖𝛬2𝛬ℎ

𝜐1𝛾2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)
                                                          (14) 253 

Similarly, as described in Section 3.1, 𝑅0𝑚 in Eq. (14) reflects temperature-dependent Schistosoma 254 

mansoni new case influenced by 𝛽2, 𝛽𝑖, 𝛾2, and 𝛼2. When 𝑅0𝑚 < 1, the SM sub-model reaches a 255 

disease-free equilibrium, and such temperature conditions hinders infection. Under favorable 256 

temperature conditions, 𝑅0𝑚 > 1, indicating the presence of an endemic equilibrium point 𝐸ℎ =257 

(𝐻∗, 𝐼𝑚
∗ , 𝑅𝑚

∗ , 𝑆2
∗;  𝐼2

∗) in the SM sub-model, expressed as follows: 258 

𝐻∗ =
(𝛾2+𝛼2)((𝛼+𝜐1)𝛬2+𝛾𝜔𝐼𝑚

∗ )(𝛽2𝐼𝑚
∗ +𝛾2)

(𝛼+𝜐1)(𝛾2+𝛼2)(𝛽2𝐼𝑚
∗ +𝛾2)

, 𝑅𝑚
∗ =

𝛾

(𝛼+𝜐1)
𝐼𝑚
∗ , 𝑆2

∗ =
𝛬2

(𝛽2𝐼𝑚+𝛾2)
𝐼𝑚
∗ , 𝐼2

∗ =
𝛽2𝛬2𝐼𝑚

∗

(𝛾2+𝛼2)(𝛽2𝐼𝑚
∗ +𝛾2)

𝐼𝑚
∗ , 259 

where the solution for 𝐼𝑚
∗ , representing S. mansoni infected humans in the SM sub-model, is derived 260 

by substituting the values of 𝐻∗ and 𝐼2
"

 into the equation. The resulting polynomial, described by 261 
equation Eq. (15), establishes the endemic equilibrium of the SM sub-model. 262 

𝜆3 + 𝑏2𝜆
2 + 𝑏1𝜆 + 𝑏0 = 0                                                        (15) 263 

where 𝑏0 = −
𝛾2𝛽𝑖𝛽2𝛬2𝛬ℎ

𝛽2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)
, 𝑏1 =

(𝛾2+𝛼2)(𝜔𝛾+𝛿𝑖+𝜐1)(𝛾2−𝛽2𝛬ℎ)−𝛾2𝛽𝑖𝛽2𝛬2
𝛽2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)

,  264 

𝑏2 =
(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)((𝛾2−𝛽2𝛬ℎ))−(𝛾2+𝛼2)𝛾𝛾2𝛽𝑖𝛽2𝛬2

𝛽2𝛾2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)
.  265 

Thus, it is clear that 𝑏0 < 0. Following Descartes' rule of signs [39], if either or both of 𝑏𝑖 > 0, 𝑖 =266 
1,2, there will be at least one positive root, leading to the existence of an endemic equilibrium.   267 

Similarly, fluctuating temperatures alters infection prevalence at an endemic state triggered by 𝛽2, 268 

𝛽𝑖, 𝛾2, and 𝛼2.  269 

3.3. Co-dynamics model  270 
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The co-dynamics model in equations Eq. (1-11) has a disease-free equilibrium point given by  271 

𝐸0ℎ𝑚 = (𝐻
∗∗, 𝐼𝑚

∗∗, 𝐼ℎ
∗∗, 𝐼ℎ𝑚

∗∗ , 𝑅𝑚
∗∗, 𝑅ℎ

∗∗, 𝑅ℎ𝑚
∗∗ , 𝑆1

∗∗, 𝐼1
∗∗, 𝑆2

∗∗, 𝐼2
∗∗) 272 

= (
𝛬ℎ
𝜐1
, 0, 0,0,0,0,0,

𝛬1
𝛾1
, 0,
𝛬2
𝛾2
, 0) 273 

Similarly, linearization of the co-dynamic model at 𝐸0ℎ𝑚 can be ascertained where,   274 

𝐹 =

(

 
 
 
 
 
 
 

0 0 0 0
𝛽𝑖𝛬ℎ
𝜐1

0 0 0
𝛽𝑢𝛬ℎ
𝜐1

0

0 0 0 0 0

0
𝛽1𝛬1
𝛾1

𝛽1𝛬1
𝛾1

0 0

𝛽2𝛬2
𝛾2

0
𝛽2𝛬2
𝛾2

0 0
)

 
 
 
 
 
 
 

 275 

𝑉 =

(

  
 

(𝛾 + 𝛿𝑖 + 𝜐1) 0 0 0 0

0 (𝜔 + 𝛿𝑢 + 𝜐1) 0 0 0
0 0 (𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1) 0 0
0 0 0 (𝛾

1
+ 𝛼1) 0

0 0 0 0 (𝛾
2
+ 𝛼2))

  
 

 276 

Similarly, we can get the next generation matrix and 𝑅0ℎ𝑚 for the co-dynamics model:  277 

𝐹𝑉−1 =

(

 
 
 
 
 
 
 

0 0 0 0
𝛽𝑖𝛬ℎ

𝜐1(𝛾2 + 𝛼2)

0 0 0
𝛽𝑢𝛬ℎ

𝜐1(𝛾1 + 𝛼1)
0

0 0 0 0 0

0
𝛽1𝛬1

𝛾1(𝜔 + 𝛿𝑢 + 𝜐1)

𝛽1𝛬1
𝛾1(𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1)

0 0

𝛽2𝛬2
𝛾2(𝛾 + 𝛿𝑖 + 𝜐1)

0
𝛽2𝛬2

𝛾2(𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1)
0 0

)

 
 
 
 
 
 
 

 278 

There are two eigenvalues that, depending on the parameter values, could both be the 279 
largest/dominant [38, 40],  280 

𝑅0ℎ
2 =

𝛽1𝛽𝑢𝛬1𝛬ℎ

𝜐1𝛾1(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)
, and 𝑅0𝑚

2 =
𝛽2𝛽𝑖𝛬2𝛬ℎ

𝜐1𝛾2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)
 281 

Consequently, the basic reproductive number is the largest of these two eigenvalues. 282 
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𝑅0ℎ𝑚 = 𝑚𝑎𝑥{𝑅0ℎ, 𝑅0𝑚 } 283 

Thus, the emergence of Schistosoma co-infection cases hinges on the influence of temperature on 284 

either 𝑅0ℎ or 𝑅0𝑚. The subsequent Theorem 1 establishes this dependency. 285 

Theorem 1: The disease free equilibrium 𝐸0ℎ𝑚 in co-dynamic model is locally asymptotically stable 286 

whenever 𝑅0ℎ𝑚 < 1 and unstable otherwise (see the proof in Appendix B) 287 

3.4. Mutual interactions: Impact of S. haematobium on S. Mansoni and vice versa 288 

This section explores mutual effects of S. haematobium and S. mansoni by expressing their 289 

reproduction numbers bidirectionally. This will allow us to explore the relationship between the 290 
reproduction numbers of the two infections and gain insights into their mutual interactions. We 291 

begin by expressing 𝑅0ℎ in equation Eq. (12) in terms of 𝑅0𝑚 given in equation Eq. (14), where 292 

we solve for 𝜐1in 𝑅0𝑚 and substitute in 𝑅0ℎ, to get 293 

𝜐1 =
−𝑞

1
𝑅0𝑚 +√(𝑞1𝑅0𝑚)

2 + 4𝑝
1
𝑟1

2𝑝
1
𝑅0𝑚

 294 

where 𝑝1 = 𝛾2(𝛾2 + 𝛼2), 𝑞1 = 𝛾2(𝛾2 + 𝛼2)(𝛾 + 𝛿𝑖), and 𝑟1 = 𝛽𝑖𝛽2𝛬2𝛬ℎ. Substituting 𝜐1 into 295 

expression for 𝑅0ℎ, we obtain  296 

𝑅0ℎ = √(
2𝑟2𝑝1

2

𝑞1(𝑞1𝑝2−𝑝1𝑞2)𝑅0𝑚+(𝑝1𝑞2−𝑞1𝑝2)√(𝑞1𝑅0𝑚)2+4𝑝1𝑟1+2𝑝1𝑝2𝑟1𝑅0𝑚
−1)                (16) 297 

where 𝑝2 = 𝛾1(𝛾1 + 𝛼1), 𝑞2 = 𝛾1(𝛾1 + 𝛼1)(𝜔 + 𝛿𝑢), and 𝑟2 = 𝛽𝑢𝛽1𝛬1𝛬ℎ.  298 

Similarly, expressing 𝜐1in terms of 𝑅0ℎ leads to  299 

𝜐1 =
−𝑞

2
𝑅0ℎ +√(𝑞2𝑅0ℎ)

2 + 4𝑝
2
𝑟2

2𝑝
2
𝑅0ℎ

 300 

Substituting 𝜐1 into expression for 𝑅0𝑚, we get  301 

𝑅0𝑚 = √(
2𝑟1𝑝2

2

𝑞2(𝑞2𝑝1−𝑝2𝑞1)𝑅0ℎ+(𝑝2𝑞1−𝑞2𝑝1)√(𝑞2𝑅0ℎ)
2+4𝑝2𝑟2+2𝑝1𝑝2𝑟2𝑅0ℎ

−1)          (17) 302 

Partial derivatives of 𝑅0ℎ in equation Eq. (16) and 𝑅0𝑚 in equation Eq. (17), determine the co-303 
infection impact of S. mansoni on S. haematobium and haematobium on S. mansoni, respectively, 304 

in a population. By partially differentiating 𝑅0ℎ in Eq. (16) with respect to 𝑅0ℎ, we obtain 305 

𝜕𝑅0ℎ

𝜕𝑅0𝑚
=
√2𝑟2𝑝1

2{𝑞1(𝑞2𝑝1−𝑝2𝑞1)+2𝑞1(𝑞2𝑝1−𝑝2𝑞1)𝑅0𝑚  (√(𝑞1𝑅0𝑚)2+4𝑝1𝑟1)
−1
−2𝑝1𝑝2𝑟1𝑅0𝑚

−2 }

{𝑞1(𝑞1𝑝2−𝑝1𝑞2)𝑅0𝑚+(𝑝2𝑞1−𝑞2𝑝1)√(𝑞1𝑅0𝑚)2+4𝑝1𝑟1+2𝑝1𝑟1𝑅0𝑚
−1+2𝑝1𝑝2𝑟1𝑅0𝑚

−1 }
3
2⁄

        (18) 306 
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Similarly, by partially differentiating 𝑅0𝑚 in equation Eq. (17) with respect to 𝑅0ℎ, we are able to 307 

derive  308 

𝜕𝑅0𝑚

𝜕𝑅0ℎ
=
√2𝑟1𝑝2

2{𝑞2(𝑞1𝑝2−𝑝1𝑞2)+2𝑞2(𝑞1𝑝2−𝑝1𝑞2)𝑅0ℎ  (√(𝑞2𝑅0ℎ)
2+4𝑝2𝑟2)

−1
−2𝑝1𝑝2𝑟2𝑅0ℎ

−2}

{𝑞2(𝑞2𝑝1−𝑝2𝑞1)𝑅0ℎ+(𝑝1𝑞2−𝑞1𝑝2)√(𝑞2𝑅0ℎ)
2+4𝑝2𝑟2+2𝑝2𝑟2𝑅0ℎ

−1+2𝑝1𝑝2𝑟2𝑅0ℎ
−1}

3
2⁄

           (19) 309 

The partial derivatives in equations Eq. (18) and Eq. (19) reveal distinct scenarios. Equation Eq. 310 
(18) determines the temperature-driven influence of S. haematobium on S. mansoni. If 311 

(𝜕𝑅0ℎ 𝜕𝑅0𝑚⁄ ) > 0 under specific environmental conditions, an increase in S. mansoni cases boosts 312 

S. haematobium infection, favoring both. Conversely, (𝜕𝑅0ℎ 𝜕𝑅0𝑚⁄ ) = 0 signifies no significant 313 

impact of S. mansoni changes on S. haematobium transmission. If (𝜕𝑅0ℎ 𝜕𝑅0𝑚⁄ ) < 0, an increase 314 
in S. mansoni cases reduces S. haematobium cases, negatively affecting S. haematobium but 315 

favoring emerging S. mansoni cases. Equation Eq. (19) similarly assesses the temperature-316 
dependent impact of S. mansoni on S. haematobium. 317 

3.5. Impacts on treatment inferred from the recovery rate 318 

Furthermore, our model assumes that infected individuals recover due to treatment. Consequently, 319 
in individuals co-infected with both S. mansoni and S. haematobium, the effect of treatment with 320 
praziquantel is likely to be a reduction of worm burdens for both forms in the human body. The 321 

effect can be determined by evaluating the partial derivatives of 𝑅0ℎ𝑚 = 𝑚𝑎𝑥{𝑅0ℎ, 𝑅0𝑚 } with 322 

respect to the recovery rate (𝛾) of individuals from S. mansoni and (𝜔) of individuals from S. 323 

haematobium. . For example, if 𝑅0ℎ > 𝑅0𝑚 then 𝑅0ℎ𝑚 = 𝑅0ℎ, the derivation yields insights into. 324 

𝜕𝑅0ℎ𝑚
𝜕𝛾𝜕𝜔

= √2𝑟2𝑝1
2 (

𝐷2𝑞1𝑝1{𝑅0𝑚−[(𝑞1𝑅0𝑚)
2+4𝑝1𝑟1]

−1 2⁄
}+3𝐷1𝑝1 {𝑞1𝑅0𝑚−[(𝑞1𝑅0𝑚)

2+4𝑝1𝑟1]
−1 2⁄

}

4(𝐷2)
2 )                     (20) 325 

𝐷1 = 𝑞1(𝑝1𝑞2 − 2𝑞1𝑝2)𝑅0𝑚 + 𝑝2√(𝑞1𝑅0𝑚)
2 + 4𝑝1𝑟1 + 𝑞1(𝑞1𝑝2 − 𝑝1𝑞2)[(𝑞1𝑅0𝑚)

2 + 4𝑝1𝑟1]
−1 2⁄  

 

𝐷2 = 2(𝑞1(𝑞1𝑝2 − 𝑝1𝑞2)𝑅0𝑚 + (𝑝1𝑞2 − 𝑞1𝑝2)√(𝑞1𝑅0𝑚)
2 + 4𝑝1𝑟1 + 2𝑝1𝑝2𝑟1𝑅0𝑚

−1 )3 

Thus depending on environmental conditions, the cost-effectiveness of treating both S. mansoni 326 
and S. haematobium in a mixed infection model holds different implications depending on the sign 327 

of equation Eq. (20). A negative value, Eq. (20) < 0 indicates a potential synergy, reducing the 328 

transmission potential against a mixed infection. A value of zero, Eq. (20) = 0 implies no 329 

substantial impact on schistosomiasis co-infection dynamics. Conversely, a positive value, 330 

Eq. (20) > 0 suggests a potential increase in the transmission potential of a mixed infection, 331 
indicating an antagonistic effect or heightened risk of when treating both S. mansoni and S. 332 
haematobium using a single praziquantel treaetment alone. Similarly, we can assess the treatment 333 

impact, as indicated by the recovery rate 𝛾 for individuals infected with S. mansoni, through the 334 

partial derivative 𝜕𝑅0𝑚 𝜕𝛾⁄ . Additionally, we can examine the treatment impact, determined by 335 

the recovery rate 𝜔 for individuals infected with S. haematobium, using the partial derivative 336 

𝜕𝑅0ℎ 𝜕𝜔⁄ . These analytical insights can assist in determining an appropriate treatment strategy 337 
based on specific seasonal or monthly temperature conditions. However, it is important to note that 338 
the effectiveness of treatment may be influenced by other factors such as the stage of each infection, 339 

the severity of the disease, and individual variations in response to the drug. 340 
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4. Numerical simulations 341 

Based on the parameter values in Table 1 and Table 2, we simulate the dynamics of co-infection 342 

between S. haematobium and S. mansoni. The simulation outcomes demonstrate a linear 343 

relationship between the transmissibility rate of S. haematobium (𝛽𝑢) and S. mansoni ( 𝛽𝑖) to 344 
humans (Fig. 1a). These results also show a similar pattern of changes in temperature for both 345 

infections. However, the transmissibility of S. mansoni to Biomphalaria snails (𝛽2) displays greater 346 
sensitivity to temperature variations compared to the transmissibility of S. haematobium to Bulinus 347 

snails (𝛽1), as shown in Fig. 1b. Furthermore, it is observed that the natural death rate (𝛾1) and S. 348 

haematobium-induced death (𝛼1) in Bulinus snails exhibit higher sensitivity to temperature 349 

changes than the natural death rate (𝛾2) and S. mansoni-induced death (𝛼2) in Biomphalaria snails 350 

as depicted in Fig. 1c and Fig. 1d. This indicates that the two species respond differently to 351 

environmental temperature variations, leading to distinct impacts on the dissemination of the single 352 
and mixed infections within the populations.  353 

Figure 1: Temperature-dependent model parameters in the life history of Schistosoma species between 354 
human and intermediate host genera.  355 

In the sensitivity analysis, we further identify the most sensitive and significant parameters in 𝑅0ℎ 356 

and 𝑅0𝑚 concerning their mutual interaction, which is influenced by the interplay of other 357 

parameters in the co-dynamics model. Specifically, we consider |PRCC| ≥ 0.5 as the threshold, 358 

which is indicated by the horizontal lines in Fig. 2a and Fig. 2b. Our findings show that the 359 

reproduction number of S. haematobium (𝑅0ℎ) is highly sensitive to changes in the transmissibility 360 

of S. haematobium to humans (𝛽𝑢), the transmissibility of S. haematobium to snails (𝛽1), the natural 361 

death rate of Biomphalaria snails (𝛾2), the transmissibility of S. mansoni to humans (𝛽𝑖), and the 362 

transmissibility of S. mansoni to snails (𝛽2), in that order as depicted in Fig. 2a. Similarly, the 363 

reproduction number of S. mansoni (𝑅0𝑚) exhibits sensitivity to changes in the transmissibility of 364 

S. mansoni to humans (𝛽𝑖), the natural death rate of Bulinus snails (𝛾1), the transmissibility of S. 365 

mansoni to snails (𝛽2), and the transmissibility of S. haematobium to snails (𝛽1), in that order, as 366 
depicted in Fig. 2b. These parameters stand out as crucial and could serve as potential targets for 367 

controlling both infections. In general, within an endemically co-infected community, 𝑅0ℎ shows 368 

greater sensitivity to S. mansoni parameters, whereas 𝑅0𝑚 demonstrates lesser sensitivity to S. 369 

haematobium parameters. This indicates that changes in S. mansoni infections, 𝑅0𝑚 have a lesser 370 

impact on transmission of haematobium, 𝑅0ℎ compared to the reverse scenario. Thus, it can be 371 
inferred that S. haematobium has a positive impact on S. mansoni dynamics, suggesting that S. 372 

haematobium may modulate the immune response to increase susceptibility. Consequently, 𝑅0ℎ >373 

𝑅0𝑚 in endemically co-infected communities, especially when considering how temperature-374 

dependent parameters vary simultaneously due to climate change in such regions; see Fig. 2c and 375 

Fig. 2d. Furthermore, regions or seasons characterized by temperature fluctuations of 376 
approximately 23-26ºC tend to exhibit the highest number of infection cases from both species 377 
(Figure 2c, 2d). However, in the presence of temperature fluctuations above 26ºC degrees, a notable 378 
decrease in the number of infections and burden is observed; see Fig. 2c and Fig. 2d. This 379 
phenomenon can likely be attributed to a higher mortality rate among the intermediate hosts (Fig. 380 

1c, Fig. 1d) and a concurrent decline in their infection rates (Fig. 1b). 381 

Figure 2: Impacts of individual input parameters on the output variables (a) 𝑅0ℎ as a function of 𝑅0𝑚 and 382 
(b) 𝑅0𝑚 as a function of 𝑅0ℎ. (c) Variations in S. haematobium infection cases, and (d) S. mansoni 383 

116



infection cases due to changes in temperature-dependent model parameters (note different scales for 384 
infection cases for S. haematobium and S. mansoni in (c) and (d).   385 

Furthermore, we utilized the temperature-dependent parameter curves (in Table 1) to derive 386 
temperature variant parameter values at 20°C, 25°C, and 35°C, representing distinct seasons and 387 
geographical regions with potentially diverse climatic conditions, as outlined in Table 3. 388 

Subsequently, simulations of the co-dynamic model Eq. (1-11) were conducted to depict the 389 

progression of single and mixed infections across a 5-year period.   390 

Table 3: Temperature-dependent parameter values under stable temperatures conditions 391 

         

 𝛽𝑖 𝛽𝑢 𝛽1 𝛽2 𝛾1 𝛾2 𝛼1 𝛼2 

20°C 0.0294 0.0280 0.000125 0.000104 0.00175 0.0039 0.00352 0.00215 

25°C 0.0572 0.0595 0.00116 0.00097 0.006575 0.00305 0.00305 0.01405 

35°C 0.01227 0.1225 0.001459 0.001216 0.02814 0.01815 0.03346 0.04985 

 392 

Our study underscores temperature-dependent variations in infection levels among hosts and 393 

individuals, particularly at moderate temperatures (20°C and 25°C) compared to higher 394 
temperatures (35°C), resulting in decreased infections (Fig. 3a-c). Notably, we observe different 395 

temperature-related impacts on dissemination, with S. haematobium exhibiting higher rates at 20°C 396 
in the short term (1-3 years) but experiencing a higher co-infection burden in the long term (Fig. 397 
3a). Conversely, rapid dissemination occurs in a shorter time with increased co-infection cases at 398 

25°C and 35°C (Fig. 3c-b). The recovery rates differ with temperature, notably more individuals 399 

recovering from S. haematobium than S. mansoni and mixed infections (Fig. 3d-f). This 400 
underscores variations in response to treatment and recovery patterns across different infection 401 
types, with recovery being lower at 20°C but higher at 25°C and 35°C (Fig. 3d-f). Additionally, 402 

our simulations reveal that despite the increase in the Biomphalaria snail population, they exhibit 403 
higher susceptibility to infection compared to Bulinus snails at 25°C, resulting in more 404 

Biomphalaria infections than Bulinus cases (Fig. 3g-j). Additionally, Biomphalaria snails show a 405 
more pronounced decrease in population at temperatures between 25°C and 35°C compared to 406 
Bulinus snails (Fig. 3h-l), suggesting potential differences in sensitivity and resistance to 407 

temperature changes between these snail species. These variations stem from the non-linear impact 408 
of temperature on Schistosoma traits within their life history. 409 

Figure 3: Temperature effects on populations of S. haematobium and S. mansoni infections. (a-c) 410 
Susceptible and infected human populations; (d-f) Recovered human population; (g-i) Susceptible snail 411 
population; (j-l) Infected snail population. 412 

5. Discussion 413 

Climate-induced challenges like drought, population displacements, poverty, and poor sanitation 414 
hinder disease control in endemic regions such as Sub-Saharan Africa, where schistosomiasis is 415 

prevalent [1, 2, 4]. Integrating climatic variability into complex multi-host disease models, like 416 

schistosomiasis, is challenging and debatable. The scarcity of climatic experimental and 417 
epidemiological data for model parameterization adds to the complexity. Nevertheless, two 418 
existing laboratory studies providing comprehensive temperature-related data in the literature 419 
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served as inspiration for this study, see [17, 18]. This study employs a mathematical model to 420 

comprehensively explore the co-dynamics between S. mansoni and S. haematobium, revealing 421 

temperature-related variations in their transmission dynamics, interactions, and implications for 422 
both single and mixed schistosomiasis infections. Standard mathematical techniques are applied to 423 
calculate and present theoretical properties of the single species sub-models and co-dynamic 424 
model, including disease-free and endemic states as functions of temperature. The study derives 425 
standard expressions for reproduction numbers (𝑅0s) under static environmental conditions with 426 

temperature-dependent entities, while assessing the local and global stability of equilibria 427 
associated with single species sub-models and co-dynamic model, offering detailed biological 428 
interpretations. The reproduction numbers are used to demonstrate mutual interaction effects 429 
between both species and evaluate the impact of infection on each other. The study also examines 430 
the impact of treatment inferred from the recovery rate, establishing temperature conditions for 431 

disease-free and disease prevalence. The theoretical quantitative framework provides analytical 432 

insights with user-friendly expressions of 𝑅0s, aiding in guiding disease control strategies and 433 
investigating the contribution of each model parameter to disease spread. For example, it assists in 434 

determining an appropriate treatment strategy based on specific seasonal or monthly temperature 435 

conditions. 436 

Parameterized with temperature variant and invariant data, our model numerical simulation shows 437 

that S. mansoni is more sensitive to temperature during transmission to Biomphalaria snails than 438 
S. haematobium to Bulinus snails. Contrary, S. haematobium exhibits higher sensitivity to 439 
temperature in transmission to the human compared to S. mansoni. Additionally, Moderate 440 

temperatures (20°C and 25°C) increase human infection levels, while higher temperatures (35°C) 441 
reduce incidence. Recovery rates of both single and co-infected individuals rise with temperature, 442 

favoring S. haematobium than S. mansoni and mixed infection, suggesting that temperature 443 

variations significantly impact the efficacy of schistosomiasis treatment protocols. In addition, co-444 

infections often present overlapping symptoms and complications, complicating the process of 445 
accurately distinguishing and effectively treating each infection. The model offers a theoretical 446 

framework that simulates these interactions, suggesting that aligning treatment interventions with 447 
specific temperature ranges could improve their effectiveness. 448 

Moreover, parameters influencing reproduction numbers underscore a positive influence of S. 449 

haematobium on S. mansoni dynamics. Biomphalaria snails are more susceptible than Bulinus, 450 
with varied temperature impacts on their populations, i.e. temperatures less than 25°C seem 451 

favorable while temperatures above 26ºC result in a significant decrease in their population. The 452 
variations in schistosomiasis transmissibility between humans and intermediate host snails are 453 
primarily associated with temperature-dependent parameters. These findings have significant 454 

public health implications, recommending tailored seasonal and timely treatment strategies.  455 

Our findings are consistent with previous studies that demonstrated that transmission traits in the 456 
life cycle of the Schistosoma species exhibit distinct patterns under different temperature conditions 457 

[7, 17, 18, 34, 41]. In contrast, the experiment conducted by He and Ramaswamy [42] demonstrated 458 

that S. mansoni and S. haematobium larvae can pass through human skin indistinguishably, 459 

resulting in no differences in transmissions. However, this study did not consider temperature 460 
fluctuations, thus our results underscores the importance of considering temperature control over 461 
the temperature sensitive stages of Schistosoma life cylce to unravel the differences, and 462 

interactions between closely related single and mixed species infections. For instance, our model 463 
revealed the role of S. haematobium in mutually increasing susceptibility to S. mansoni co-464 
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infections. This result is supported by the studies that highlight the impact of S. haematobium on 465 

the local genital tract and the global immune system [1, 12]. Furthermore, earlier studies, including 466 

Mbabazi et al. [43], have also established its association with other diseases such as HIV. The 467 
cumulative evidence suggests that the effects of S. haematobium are not confined to the local site 468 
of infection but have systemic consequences. This necessitates a comprehensive approach to the 469 
management of Schistosoma species, their potential mutual interactions and impacts on co-470 
infections and other diseases such as HIV based on the environmental conditions.  471 

Moreover, the results reveal distinct impacts of temperature on the dynamics of S. haematobium-472 
Bulinus and S. mansoni-Biomphalaria infection. Generally, the latter system exhibits a lower 473 
sensitivity to temperature variations, indicating a lower risk of outbreak and fewer infection cases. 474 
These findings are consistent with field studies, including Cunin et al. [28], Garba et al. [29], and 475 
Nassar et al. [30], which consistently report a higher prevalence of S. haematobium compared to S. 476 

mansoni in areas where both species coexist. Specifically, our study supports prior observations 477 

that populations, including both individuals and intermediate hosts, exhibit higher infection levels 478 
with S. haematobium or S. mansoni at moderate temperatures (20°C and 25°C) compared to 35°C, 479 

where infections notably decrease[7, 17, 18, 34, 41]. The low infection levels indicate restricted 480 

schistosomiasis activities, higher mortality rates among intermediate hosts, and notably decreased 481 
transmissibility, particularly at 35°C. This consensus underscores the role of temperature in 482 

shaping the dynamics of Schistosoma species infections in diverse environments and populations. 483 
For example, temperature variation in different endemic areas can be a possible explanation for 484 
reported cases of low cure rates, and drug resistance, due to persistent transmission patterns and 485 

increased re-infection rates [15, 47]. Therefore, the impact of temperature extends beyond 486 
schistosomiasis, as it has been shown to shape disease dynamics and stability in various ecological 487 

systems [44, 45, 46, 47]. Therefore, temperature-dependent models are effective tools for 488 
predicting disease patterns in regions where the specified temperature ranges align with the local 489 

climate. This applicability is particularly notable in East Africa, where typical temperature ranges, 490 
[20, 35] °C coincide with the prevalence of Biomphalaria and Bulinus species, and both S. mansoni 491 

and S. haematobium infections are widespread [4, 22, 47]. Additionally, the range of demographic 492 

parameters 𝛬ℎ, 𝛬1, 𝜏, and υ1 align with the rates observed in East Africa, as evident in Tabo et al. 493 

[47].  494 

6. Limitations and outlook 495 

Although our model remains robust and provides valuable insights, there are some limitations. 496 
Firstly, the parameter values employed in our model, reflecting the biological aspects and real-life 497 

scenarios of schistosomiasis transmission, were drawn from published literature. This introduces 498 
potential inconsistencies and variability within the data collected under diverse conditions, leading 499 

to uncertainties in our model results. Secondly, using estimated baseline values introduces potential 500 
biases, such as systematic errors and reduced generalizability. Thirdly, it is essential to 501 
acknowledge the current absence of real-life epidemiological data for the two infection systems to 502 
cross-verify and validate our model. To address this, a crucial step in the future involves applying 503 
the model in a schistosomiasis endemic region with established local climates and healthcare or 504 

treatment data. This application should encompass a comparison of predicted endemic states with 505 
available real-epidemiological data on S. mansoni and S. haematobium infections. Additionally, 506 
future research could further refine our understanding by incorporating human worm burden 507 
dynamics and integrating optimal control strategies. These endeavors aim to determine effective 508 
means of infection control and represent essential avenues for enhancing our comprehension of 509 
schistosomiasis. 510 
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7. Conclusions  511 

In light of our findings in this study, recognizing the temperature-dependent impact on reproduction 512 
numbers underscores the need to integrate temperature into models for predicting and managing 513 
schistosomiasis dynamics. Public health and policymakers should implement targeted control 514 

strategies, considering seasonal variations in sensitive parameters like snail/human transmissibility 515 
and snail natural death rates. Targeting snail control during seasons with temperatures below 25°C 516 
to capitalize on increased susceptibility is a strategic approach. It is imperative to monitor and adapt 517 
treatment protocols, considering temperature-dependent recovery rates, for enhanced overall 518 
treatment effectiveness. For instance, interventions during seasons around 25-35°C, where higher 519 

recovery rates are observed, may yield better results. Empowering communities to implement 520 
preventive measures during specific temperature conditions can further bolster schistosomiasis 521 
control initiatives. Our mathematical model provides a sturdy framework for understanding the 522 

interplay between temperature and various forms of schistosomiasis transmission dynamics. 523 
Functioning as a quantitative framework, it offers a reasonable approximation with baseline 524 
parameter values, thereby enriching our comprehension of the impact of temperature, and the 525 

timing of interventions. Thus, our study strengthens the One Health approach by integrating human 526 
and animal (IH snail) health strategies with environmental factors and seasonal variations to 527 
optimise schistosomiasis control. The study also shows how the model can be applied in different 528 

regions with similar climates.   529 
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 693 

Appendix A 694 

Table A1: Temperature-dependent parameters from Mangal et al. [17] 695 
parameter Definition 20ºC 25ºC 30ºC 35ºC 

𝛽𝑖 Transmissibility of Schistosomiasis to humans 0.028 0.059 0.092 0.122 

𝛽2 Transmissibility of Schistosomiasis to snails 0.000127 0.000091 0.0014 0.0012 

𝛾2 Natural death rate of snails 0.004 0.003 0.008 0.0182 

𝛼2 Schistosomiasis-induced death in snails 0.002 0.0145 0.0295 0.05 

 696 

Table A2: Temperature-dependent parameters from Kalinda et al. [18] 697 
parameter Definition 15ºC 22ºC 25.8ºC 31ºC 36ºC 

𝛽𝑢 Transmissibility of Schistosomiasis to 

humans 

0.00638 0.0353 0.06433 0.09753 0.12825 

𝛾1 Natural death rate of snails 0.00049 0.00434 0.00763 0.01635 0.0318 

𝛼1 Schistosomiasis-induced death in snails 0.00122 0.004505 0.011989 0.022717 0.036391 

 698 

Appendix B 699 

Analysis of the stability of equilibria 700 

1. SH sub-model 701 

The following equations represent the SH sub model  702 
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𝐻′ = 𝛬ℎ + 𝜀𝑅ℎ − 𝛽𝑢𝐼1𝐻 − 𝜐1𝐻  

 

𝐼ℎ
′ = 𝛽𝑢𝐼1𝐻 − (𝜔 + 𝛿𝑢 + 𝜐1)𝐼ℎ  

 

𝑅ℎ
′ = 𝜔𝐼ℎ − (𝜀 + 𝜐1)𝑅ℎ (B.1) 

 

𝑆1
′ = 𝛬1 − 𝛽1𝐼ℎ𝑆1 − 𝛾1𝑆1  

 

𝐼1
′ = 𝛽1𝐼ℎ𝑆1 − (𝛾1 + 𝛼1)𝐼1  

 

1.1 Local stability of the SH sub-model 703 

Theorem 2: The SH sub-model in Eq. (B.1), at disease free 𝐸0ℎ, is locally asymptotically stable if 704 

𝑅0ℎ < 1, otherwise unstable for 𝑅0ℎ > 1.  705 

Proof: The SH sub-model Eq. (B.1) has the following Jacobian matrix at 𝐸0ℎ  706 

𝐽(𝐸0ℎ) =

(

 
 
 
 
 

−𝜐1 0 𝜀 0
−𝛽𝑢𝛬ℎ

𝜐1

0 −(𝜔 + 𝛿𝑢 + 𝜐1) 0 0
𝛽𝑢𝛬ℎ

𝜐1

0 𝜔 −(𝜀 + 𝜐1) 0 0

0
−𝛽1𝛬1

𝛾1
0 −𝛾1 0

0
𝛽1𝛬1

𝛾1
0 0 −(𝛾1 + 𝛼1))

 
 
 
 
 

                   (B.2) 707 

The eigenvalues of the Jacobian matrix in Eq. (B.2) are given by the characteristic equation below, 708 

(𝜆 + 𝜐1)(𝜆 + 𝛾1)(𝜆 + 𝜀 + 𝜐1)(𝜆
2 + 𝑝𝜆 + 𝑞) = 0,                           (B.3) 709 

where, 𝑝 = (𝜔 + 𝛿𝑢 + 𝜐1) + (𝛾1 + 𝛼1) and 𝑞 = (𝜔 + 𝛿𝑢 + 𝜐1)(𝛾1 + 𝛼1)(1 − 𝑅0ℎ).  710 

It can be seen from Eq. (B.3) that −𝜐1, −𝛾1, and −(𝜀 + 𝜐1) are negative eigenvalues of 𝐽(𝐸0ℎ), 711 

while the other two eigenvalues are defined by the quadratic equation and are negative provided 712 

𝑅0ℎ < 1. The SH sub-model Eq. (B.1) is locally asymptotically stable for 𝑅0ℎ < 1 because all of 713 

its eigenvalues at 𝐸0ℎ are negative.  714 

1.2 Existence of endemic equilibrium for the SH sub-model 715 

Lemma 1. The SH sub-model Eq. (B.1) possesses a unique endemic equilibrium (𝐸1ℎ) if 𝑅0ℎ > 1.  716 

Lemma 1 can be supported by the understanding that the SH sub-model system attains a distinct 717 

endemic equilibrium (𝐸1ℎ) only when 𝑅0ℎ > 1. This condition implies that the potential for 718 

sustained transmission of Schistosoma haematobium infections within the population is determined 719 
by whether the reproductive rate of the parasite surpasses its control factors. Therefore, when 720 

𝑅0ℎ > 1, 𝐸1ℎ emerges as the dominant outcome, signifying the potential establishment and 721 
persistence of Schistosoma haematobium infections in the population.  722 
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1.3 Global stability of the SH sub-model 723 

The global stability for the SH sub-model can be computed using the center manifold theory [48] 724 
to determine the local asymptotic stability or nature of the bifurcation of the endemic equilibrium.  725 

Theorem 3. The endemic equilibrium 𝐸1ℎ of SH sub-model Eq. (B.1) is locally asymptotically stable 726 

if 𝑅0 > 1 and the bifurcation parameter 𝛽𝑢 = 𝛽𝑢
∗ >

𝜐1𝛾1(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)

𝛽1𝛬1𝛬ℎ
.  727 

Proof: We transform the SH sub-model Eq. (B.1), where 𝐻 = 𝑥1, 𝐼ℎ = 𝑥2, 𝑅ℎ = 𝑥3, 𝑆1 = 𝑥4, and 728 

𝐼1 = 𝑥5 with the vector notation 𝑋 = (𝑥𝑖)
𝑇 , 𝑖 = 1,2,3,4,5 and 

𝑑𝑋

dt
= 𝑭 =: (𝑓1, 𝑓2, 𝑓3, 𝑓4, 𝑓5 )

𝑇. Thus, 729 

the following model system is obtained  730 

𝑥1
′ =: 𝑓

1
= 𝛬ℎ + 𝜀𝑥3 − 𝛽𝑢𝑥1𝑥5 − 𝜐1𝑥1  

 

𝑥2
′ =: 𝑓

2
= 𝛽𝑢𝑥1𝑥5 − (𝜔 + 𝛿𝑢 + 𝜐1)𝑥2  

 

𝑥3
′ =: 𝑓

3
= 𝜔𝑥2 − (𝜀 + 𝜐1)𝑥3 (B.4) 

 

𝑥4
′ =: 𝑓

4
= 𝛬1 − 𝛽1𝑥2𝑥4 − 𝛾1𝑥4  

 

𝑥5
′ =: 𝑓

5
= 𝛽1𝑥2𝑥4 − (𝛾1 + 𝛼1)𝑥5  

 

The linearized SH sub-model Eq. (B.4) evaluated at disease-free equilibrium 𝐸0ℎ = (𝑥1 =
𝛬ℎ

𝜐1
, 𝑥2 =731 

0, 𝑥3 = 0, 𝑥4 =
𝑆1

𝛾1
, 𝑥5 = 0) with the bifurcation parameter 𝛽𝑢 = 𝛽𝑢

∗ =
𝜐1𝛾1(𝛾1+𝛼1)(𝜔+𝛿𝑢+𝜐1)

𝛽1𝛬1𝛬ℎ
, has a simple 732 

eigenvalue associated with a right eigenvector 𝒖 = (𝑢1, 𝑢2, 𝑢3, 𝑢4, 𝑢5)
𝑇and a left eigenvector 𝒘 =733 

(𝑤1, 𝑤2, 𝑤3, 𝑤4, 𝑤5) satisfying 𝒖.𝒘 = 𝟏, where 734 

𝒖735 

= (𝑢1 =
𝜀𝜔𝜐1𝛾1(𝛾1 + 𝛼1) − 𝛽1𝛽𝑢𝛬1𝛬ℎ(𝜀 + 𝜐1)

𝛾1(𝛾1 + 𝛼1)(𝜀 + 𝜐1)𝑢1
2

𝑢2 , 𝑢2 > 0, 𝑢3 =
𝜔

(𝜀 + 𝜐1)
𝑢2, 𝑢4 =

−𝛽1𝛬1

𝛾1
2

𝑢2, 𝑢5 =
𝛽1𝛬1

𝛾1(𝛾1 + 𝛼1)
𝑢2)

𝑻

 736 

 𝒘 = (𝑤1 = 0 𝑤2 > 0 𝑤3 = 0 𝑤4 = 0 𝑤5 =
𝛽𝑢𝛬ℎ

𝜐1(𝛾1+𝛼1)
𝑤2) 737 

Thus, based on 𝒘, it can be seen that the second-order partial derivatives, 𝑓𝑘 for 𝑘 = 1, 3, 4  738 
associated with left eigenvalues will varnish at the disease-free equilibrium, as a result,  739 

 

𝑎 = 𝑤2𝑢1𝑢5
𝜕2𝑓2(0,0)

𝜕𝑥1𝜕𝑥5
+ 𝑤5𝑢2𝑢4

𝜕2𝑓5(0,0)

𝜕𝑥2𝜕𝑥4
= (

𝜔𝜀𝛾1𝛽1(𝛾1+𝛼1)−𝛽𝑢𝛬ℎ
(𝜀+𝜐1)(𝛾1𝜐1+𝛼1𝜐1+𝛬1𝛽1

2)

(𝜀+𝜐1)(𝛾1+𝛼1)
2
𝜐1
2𝛾1
2

) 𝛽
1
𝛬1𝑤2𝑢2

2

𝑏 = 𝑤2𝑢1
𝜕2𝑓2(0,0)

𝜕𝑥1𝜕𝛽𝑢
∗ + 𝑤2𝑢5

𝜕2𝑓2(0,0)

𝜕𝑥5𝜕𝛽𝑢
∗ =

𝛽1𝛬1𝛬ℎ

𝛾1𝜐1(𝛾1+𝛼1)
𝑤2𝑢2                                                                             

 740 

It is evident that 𝑏 > 0, and the local dynamics around the disease-free equilibrium point 𝐸0ℎ for 741 

𝛽𝑢 = 𝛽𝑢
∗ depend on the sign of the coefficient 𝑎. Consequently, if 𝜔𝜀𝛾1𝛽1(𝛾1 + 𝛼1) >742 

𝛽𝑢𝛬ℎ(𝜀 + 𝜐1)(𝛾1𝜐1 + 𝛼1𝜐1 + 𝛬1𝛽1
2), a backward bifurcation occurs. This leads to the absence of global 743 
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stability for the disease-free equilibrium and the presence of an endemic equilibrium. Conversely, 744 

if the condition 𝜔𝜀𝛾1𝛽1(𝛾1 + 𝛼1) < 𝛽𝑢𝛬ℎ(𝜀 + 𝜐1)(𝛾1𝜐1 + 𝛼1𝜐1 + 𝛬1𝛽1
2) holds, a forward bifurcation arises 745 

at 𝑅0ℎ = 1, and the disease-free equilibrium becomes globally stable. In this scenario, the disease-746 

free equilibrium is the only local attractor, and an endemic equilibrium does not occur. 747 

Furthermore, analyzing the terms 𝜔𝜀𝛾1𝛽1(𝛾1 + 𝛼1) and 𝛽𝑢𝛬ℎ(𝜀 + 𝜐1)(𝛾1𝜐1 + 𝛼1𝜐1 + 𝛬1𝛽1
2) reveals the 748 

significance of individual parameters in influencing the occurrence of forward or backward 749 
bifurcations. 750 

2. SM sub model 751 

The following equations represent the SM sub-model  752 

𝐻′ = 𝛬ℎ + 𝛼𝑅𝑚 − 𝛽𝑖𝐼2𝐻 − 𝜐1𝐻  

 

𝐼𝑚
′ = 𝛽𝑖𝐼2𝐻 − (𝛾 + 𝛿𝑖 + 𝜐1)𝐼𝑚  

 

𝑅𝑚
′ = 𝛾𝐼𝑚 − (𝛼 + 𝜐1)𝑅𝑚 (B.5) 

 

𝑆2
′ = 𝛬2 − 𝛽2𝐼𝑚𝑆2 − 𝛾2𝑆2  

 

𝐼2
′ = 𝛽2𝐼𝑚𝑆2 − (𝛾2 + 𝛼2)𝐼2  

 

The same procedures used to examine the SH sub-model in Eq. (B.1) were also used to analyze the 753 

SM sub-model in Eq. (B.5).  754 

2.1 Local stability of the SM sub-model 755 

Theorem 4. The SM sub-model Eq. (B.5), at 𝐸0𝑚, is locally asymptotically stable if 𝑅0𝑚 < 1, 756 

otherwise unstable for 𝑅0𝑚 > 1.  757 

Proof: The SH sub-model has the following Jacobian matrix at 𝐸0𝑚  758 

𝐽(𝐸0𝑚) =

(

 
 
 
 
 

−𝜐1 0 𝛼 0
−𝛽𝑖𝛬ℎ

𝜐1

0 −(𝛾+ 𝛿𝑖 +𝜐1) 0 0
𝛽𝑖𝛬ℎ

𝜐1

0 𝛾 −(𝛼+ 𝜐1) 0 0

0
−𝛽2𝛬2

𝛾2
0 −𝛾2 0

0
𝛽2𝛬2

𝛾2
0 0 −(𝛾2 + 𝛼2))

 
 
 
 
 

                   (B.6) 759 

Clearly, in Jacobian matrix Eq. (B.6), −𝜐1, −𝛾2, and −(𝛼 + 𝜐1) are negative eigenvalues of 760 

𝐽(𝐸0𝑚). The resultant quadratic equation (𝜆2 + [(𝛾 + 𝛿𝑖 + 𝜐1) + (𝛾2 + 𝛼2)]𝜆 + (𝛾 + 𝛿𝑖 + 𝜐1)(𝛾2 +761 

𝛼2)(1 − 𝑅0𝑚)) = 0, has two negative eigenvalues provided 𝑅0ℎ < 1. Thus, SM sub-model Eq. 762 

(B.5) is locally stable as long as all eigenvalues at 𝐸0𝑚 are negative 763 

2.2 Existence of endemic equilibrium for the SM sub-model 764 
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Lemma 2. If 𝑅0𝑚 > 1, the SM sub-model Eq. (B.5) has an endemic equilibrium (𝐸1𝑚). 765 

The computation of the endemic equilibrium point 𝐸1𝑚 = (𝐻
′∗, 𝐼𝑚

′∗, 𝑅𝑚
′∗ , 𝑆2

′∗;  𝐼2
′∗) results,  766 

𝐻′∗ =
(𝛾2+𝛼2)((𝛼+𝜐1)𝛬2+𝛼𝛾𝐼𝑚)(𝛽2𝐼𝑚+𝛾2)

(𝛼+𝜐1)(𝛾2+𝛼2)(𝛽2𝐼𝑚+𝛾2)
, 𝑅𝑚

′∗ =
𝜔

(𝛼+𝜐1)
𝐼𝑚, 𝑆2

′∗ =
𝛬2

(𝛽2𝐼𝑚+𝛾2)
𝐼𝑚, 𝐼2

′∗ =
𝛽2𝛬2𝐼𝑚

(𝛾2+𝛼2)(𝛽2𝐼𝑚+𝛾2)
𝐼𝑚 767 

The endemic equilibrium of the SM sub-model Eq. (B.5) is satisfied by the resultant polynomial 768 
provided in equation Eq. (B.7), 769 

𝜆3 +𝑚2𝜆
2 +𝑚1𝜆 +𝑚0 = 0                                                     (B.7) 770 

where 𝑚0 = −
𝛾2𝛽𝑖𝛽2𝛬2𝛬ℎ

𝛽2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)
, 𝑚1 =

(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)(𝛾2−𝛽2𝛬ℎ)−𝛾2𝛽𝑖𝛽2𝛬2

𝛽2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)
, 𝑚2 =771 

(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)(𝛾2−𝛽2𝛬ℎ)−(𝛾2+𝛼2)𝛼𝛾𝛾2𝛽𝑖𝛽2𝛬2

𝛽2𝛾2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)
. There is no doubt that 𝑚0 < 0, and in line with 772 

Descartes' rule of signs [39], if either or both of 𝑚𝑖 > 0, 𝑖 = 1,2 results in at least one positive root 773 

for equation Eq. (B.7), and thus endemic equilibrium occurs.  774 

2.3 Global stability of the SM sub-model 775 

Theorem 5. The endemic equilibrium 𝐸1𝑚 of SM sub-model Eq. (B.5) is locally asymptotically 776 

stable if 𝑅0 > 1 and the bifurcation parameter 𝛽𝑖 = 𝛽𝑖
∗ >

𝜐1𝛾2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)

𝛽2𝛬1𝛬ℎ
.  777 

Proof: We transform the SM sub-model Eq. (B.5) according to Castillo and Songs [48], where 778 

𝐻 = 𝑦1, 𝐼𝑚 = 𝑦2, 𝑅𝑚 = 𝑦3, 𝑆2 = 𝑦4, and 𝐼2 = 𝑦5 with the vector notation 𝒀 = (𝑦𝑖)
𝑇 , 𝑖 = 1,2,3,4,5 779 

and 
𝑑𝑦

dt
= 𝑮 =: (𝑔1, 𝑔2, 𝑔3, 𝑔4, 𝑔5 )

𝑇. Thus, the new SM sub-model system Eq. () is obtained  780 

𝑦1
′ =: 𝑔

1
= 𝛬ℎ + 𝛼𝑦3 − 𝛽𝑖𝑦1𝑦5 − 𝜐1𝑦1  

 

𝑦2
′ =: 𝑔

2
= 𝛽𝑖𝑦1𝑦5 − (𝛾 + 𝛿𝑖 + 𝜐1)𝑦2  

 

𝑦3
′ =: 𝑔

3
= 𝛾𝑦

2
− (𝛼 + 𝜐1)𝑦3 (B.8) 

𝑦4
′ =: 𝑔

4
= 𝛬2 − 𝛽2𝑦2𝑦4 − 𝛾2𝑦4  

 

𝑦5
′ =: 𝑔

5
= 𝛽2𝑦2𝑦4 − (𝛾2 + 𝛼2)𝑦5  

 

The linearized Jacobian matrix of the SM sub-model in Eq. (B.8) at 𝐸0𝑚 and 𝛽𝑖 = 𝛽𝑖
∗ =781 

𝜐1𝛾2(𝛾2+𝛼2)(𝛾+𝛿𝑖+𝜐1)

𝛽2𝛬2𝛬ℎ
 has a simple eigenvalue associated with a right (𝒗) and a left (𝜼) eigenvector 782 

satisfying 𝒗. 𝜼 = 𝟏, where 783 
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 𝒗 =  (𝑣1 =
𝛼𝜐1𝛾𝛾2(𝛾2+𝛼2)−𝛽2𝛽𝑖𝛬2𝛬ℎ

(𝛼+𝜐1)

𝛾2(𝛾2+𝛼2)(𝛼+𝜐1)𝑢1
2 𝑣2 , 𝑣2 > 0, 𝑣3 =

𝛼

(𝛼+𝜐1)
𝑣2, 𝑣4 =

−𝛽2𝛬2

𝛾2
2 𝑣2, 𝑣5 =

𝛽2𝛬2

𝛾2(𝛾2+𝛼2)
𝑣2)

𝑻

 784 

 𝜼 =  (𝜂1 = 0 𝜂2 > 0 𝜂3 = 0 𝜂4 = 0 𝜂5 =
𝛽𝑖𝛬ℎ

𝜐1(𝛾2+𝛼2)
𝜂2) 785 

The coefficients 𝑎 and 𝑏 as defined in Castillo and Songs [48], are given as  786 

 

𝑎 = 𝜂2𝑣1𝑣5
𝜕2𝑓2(0,0)

𝜕𝑥1𝜕𝑥5
+ 𝜂5𝑣2𝑣4

𝜕2𝑓5(0,0)

𝜕𝑥2𝜕𝑥4
= (

𝛼𝜐1𝛾2𝛽2(𝛾1+𝛼1)−𝛽𝑖𝛬ℎ
(𝛼+𝜐1)(𝛾2𝜐1+𝛼2𝜐1+𝛬2𝛽2

2)

(𝛼+𝜐1)(𝛾2+𝛼2)
2
𝜐1
2𝛾2
2

) 𝛽
2
𝛬2𝜂2𝑣2

2

𝑏 = 𝜂2𝑣1
𝜕2𝑓2(0,0)

𝜕𝑥1𝜕𝛽𝑢
∗ + 𝜂2𝑣5

𝜕2𝑓2(0,0)

𝜕𝑥5𝜕𝛽𝑢
∗ =

𝛽2𝛬2𝛬ℎ

𝛾2𝜐1(𝛾2+𝛼2)
𝜂2𝑣2                                                                             

 787 

Consequently, 𝑏 is positive, and the local stability dynamics are determined by the sign of 788 

coefficient 𝑎. Thus, backward bifurcation occurs if and only if 𝑎 > 0, given that 𝛼𝜐1𝛾2𝛽2(𝛾1 + 𝛼1) >789 

𝛽
𝑖
𝛬
ℎ
(𝛼 + 𝜐1)(𝛾2𝜐1 + 𝛼2𝜐1 + 𝛬2𝛽2

2), On the other hand, a forward bifurcation takes place whenever 790 

𝑎 < 0. 791 

3. Co-dynamics model system 792 

3.1 Local stability of the co-dynamics model  793 

Theorem 6. The SHM co-infection model Eq. (1-11) at 𝐸0ℎ𝑚, is locally asymptotically stable if 794 

𝑅0ℎ𝑚 < 1, otherwise unstable for 𝑅0ℎ𝑚 > 1 795 

Proof: We evaluate the Jacobian matrix 𝐽(𝐸0ℎ𝑚) at 𝐸0ℎ𝑚 given in equation Eq. (B.9) 796 

(

 
 
 
 
 
 
 
 
 
 
 
 
 
 

−𝜐1 𝟎 𝟎 𝟎 𝛼 𝜀 𝜃 𝟎
−𝛽𝑢𝛬ℎ

𝜐1
𝟎

−𝛽𝑖𝛬ℎ

𝜐1

𝟎 −ρ1 𝟎 𝟎 𝟎 𝟎 𝟎 𝟎 𝟎 𝟎
𝛽𝑖𝛬ℎ

𝜐1

𝟎 𝟎 −ρ2 𝟎 𝟎 𝟎 𝟎 𝟎
𝛽𝑢𝛬ℎ

𝜐1
𝟎 𝟎

𝟎 𝟎 𝟎 −ρ3 𝟎 𝟎 𝟎 𝟎 𝟎 𝟎 𝟎

𝟎 𝛾 𝟎 𝜏1(1 − 𝛿) −(𝛼 + 𝜐1) 𝟎 𝟎 𝟎 𝟎 𝟎 𝟎

𝟎 𝟎 𝜔 ρ4 𝟎 −(𝜀 + 𝜐1) 𝟎 𝟎 𝟎 𝟎 𝟎

𝟎 𝟎 𝟎 𝛿 𝟎 𝟎 −(𝜃 + 𝜐1) 𝟎 𝟎 𝟎 𝟎

𝟎 𝟎
−𝛽1𝛬1

𝛾1

−𝛽1𝛬1

𝛾1
𝟎 𝟎 𝟎 −𝛾1 𝟎 𝟎 𝟎

𝟎 𝟎
𝛽1𝛬1

𝛾1

𝛽1𝛬1

𝛾1
𝟎 𝟎 𝟎 𝟎 −(𝛾1 + 𝛼1) 𝟎 𝟎

𝟎
−𝛽2𝛬1

𝛾2
𝟎

−𝛽2𝛬1

𝛾2
𝟎 𝟎 𝟎 𝟎 𝟎 −𝛾2 𝟎

𝟎
𝛽2𝛬1

𝛾2
𝟎

𝛽2𝛬1

𝛾2
𝟎 𝟎 𝟎 𝟎 𝟎 𝟎 −(𝛾2 + 𝛼2))

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 (B.9) 797 

where ρ1 = (𝛾 + 𝛿𝑖 + 𝜐1), ρ2 = (𝜔 + 𝛿𝑢 + 𝜐1), ρ3 = (𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1), ρ4 = (1 − 𝜏1)(1 − 𝛿). 798 

The eigenvalues of the SHM co-infection model system that have negative real parts are −𝜐1, 799 

−(𝜔 + 𝛿𝑢 + 𝜐1), −(𝛼 + 𝜐1), −(𝜀 + 𝜐1), −(𝜃 + 𝜐1), −𝛾1, −(𝛾1 + 𝛼1), and −𝛾2. The Jacobian in  800 
Eq. (B.9) can be solved to obtain the remaining three eigenvalues, given by the polynomial in 801 
equation Eq. (B.10). 802 

𝜆3 + 𝑎2𝜆
2 + 𝑎1𝜆 + 𝑎0 = 0                                                        (B.10) 803 
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 804 

where  𝑎0 = (𝛾 + 𝛿𝑖 + 𝜐1)(𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1)(𝛾2 + 𝛼2) − 𝛽𝑖𝛽2(𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1)𝛬1𝛬ℎ  805 
𝑎1 = (𝛾 + 𝛿𝑖 + 𝜐1)(𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1) + (𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1)(𝛾2 + 𝛼2) + (𝛾2 + 𝛼2)(𝛾 + 𝛿𝑖 + 𝜐1) − 𝛽𝑖𝛽2𝛬1𝛬ℎ  806 

𝑎2 = (𝛾 + 𝛿𝑖 + 𝜐1) + (𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1) + (𝛾2 + 𝛼2) 807 

Routh-Hurwitz stability criterion states that equatioin Eq. (B.10) has negative roots only when 808 

𝑎0 > 0, 𝑎1 > 0, 𝑎2 > 0, and 𝑎2𝑎1 > 𝑎0. Thus, the S.haematobium-mansoni co-infection model is 809 
locally asymptotically stable.  810 

3.2 Global stability of the co-infection model 811 

To determine whether endemic equilibrium is asymptotic at the local level, we use the centre 812 

manifold theory in Castillo and Song [48]. Let 𝐻 = 𝑧1, 𝐼𝑚 = 𝑧2, 𝐼ℎ = 𝑧3, 𝐼ℎ𝑚 = 𝑧4, 𝑅𝑚 =813 

𝑧5, 𝑅ℎ = 𝑧6, 𝑅ℎ𝑚 = 𝑧7, 𝑆1 = 𝑧8, 𝐼1 = 𝑧9, 𝑆2 = 𝑧10, and 𝐼2 = 𝑧11 and with the vector notation 𝑍 =814 

(𝑧𝑖)
𝑇 , 𝑖 = 1,2,3,4,5 and 

𝑑𝑍

dt
= 𝛙 =: (ψ𝑖 )

𝑇, 𝑖 = 1, 2, …,11. Thus, the resultant transformed S. 815 

haematobium-mansoni co-infection in model (Eq25) exhibits the same disease-free equilibrium 816 

point (𝐸0ℎ𝑚) as the original sytem in equations Eq. (1-11). 817 

𝑧1
′ = ψ1: = 𝛬ℎ + 𝜀𝑧6 + 𝛼𝑧5 + 𝜃𝑧7 − (𝛽𝑖𝑧11 + 𝛽𝑢𝑧9)𝑧1 − 𝜐1𝑧1  

𝑧2
′ = ψ2: = 𝛽𝑖𝑧11𝑧1 − 𝛽𝑢𝑧9𝑧2 − (𝛾 + 𝛿𝑖 + 𝜐1)𝑧2  

𝑧3
′ = ψ3: = 𝛽𝑢𝑧9𝑧1 − 𝛽𝑖𝑧11𝑧3 − (𝜔 + 𝛿𝑢 + 𝜐1)𝑧3  

𝑧4
′ = ψ4: = 𝛽𝑢𝑧9𝑧2 + 𝛽𝑖𝑧11𝑧3 − (𝛿 + 𝛿𝑖 + 𝛿𝑢 + 𝜐1)𝑧4  

𝑧5
′ = ψ5: = 𝛾𝑧2 + 𝜏1(1 − 𝛿)𝑧4 − (𝛼 + 𝜐1)𝑧5 (B.11) 

𝑧6
′ = ψ6: = 𝜔𝑧3 + (1 − 𝜏1)(1 − 𝛿)𝑧4 − (𝜀 + 𝜐1)𝑧6  

𝑧7
′ = ψ7: = 𝛿𝑧4 − (𝜃 + 𝜐1)𝑧7  

𝑧8
′ = ψ8: = 𝛬1 − 𝛽1(𝑧3 + 𝑧4)𝑧8 − 𝛾1𝑧8  

𝑧9
′ = ψ9: = 𝛽1(𝑧3 + 𝑧4)𝑧8 − (𝛾1 + 𝛼1)𝑧9  

𝑧10
′ = ψ10: = 𝛬2 − 𝛽2(𝑧2 + 𝑧4)𝑧10 − 𝛾2𝑧10  

𝑧11
′ = ψ11: = 𝛽2(𝑧2 + 𝑧4)𝑧10 − (𝛾2 + 𝛼2)𝑧11  

Therefore, in the linearized Jacobian matrix of the SHM sub-model, Eq. (B.8) at 𝐸0ℎ𝑚 and 𝛽𝑖 = 𝛽𝑖
∗ 818 

as a bifurcation parameter, a straightforward eigenvalue is associated with both the right 819 

eigenvector (𝒖) and the left eigenvector (𝒗), with the condition 𝒖. 𝒗 = 𝟏. Thus eigenvectors 𝒖 and 820 

𝒗 are given as  821 
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𝒖 =

(

 
 
 
 
 
 
 
 

𝑢1
𝑢2
𝑢3
𝑢4
𝑢5
𝑢6
𝑢7
𝑢8
𝑢9
𝑢10
𝑢11)

 
 
 
 
 
 
 
 

=

(

 
 
 
 
 
 
 
 
 
 
 
 
 

𝑟1𝑢2 + 𝑟2𝑢3
𝑢2 > 0
𝑢3 > 0
0

(
𝛾

𝛼+𝜐1
) 𝑢2

(
𝜔

𝛼+𝜐1
) 𝑢3

0

(
−𝛽𝑢𝛽1𝛬1

𝛾1
) 𝑢3

(
𝛽𝑢𝛽1𝛬1

𝛾1+𝛼1
) 𝑢3

(
𝛽𝑖𝛽2𝛬1

𝛾2
) 𝑢2

(
𝛽𝑢𝛽1𝛬1

(𝛾2+𝛼2)
) 𝑢2 )

,  𝒗 =

(

𝑣1
𝑣2
𝑣3
𝑣4
𝑣5
𝑣6
𝑣7
𝑣8
𝑣9
𝑣10
𝑣11)

=

(

0
𝑣2 > 0
𝑣3 > 0
𝑟3𝑣2
0
0
0
0

(
𝛽𝑖𝛬ℎ

𝛾2
) 𝑣3

0

(
𝛽𝑢𝛬ℎ

𝛾1+𝛼1
) 𝑣3)

822 

where 𝑟1 = (
𝛼𝛾

𝛼+𝜐1
−
𝛽𝑖𝛽2𝛬1𝛬ℎ

(𝛾2+𝛼2)
), 𝑟2 = (

𝜀𝜔

𝜀+𝜐1
−
𝛽𝑢𝛽1𝛬1𝛬ℎ

(𝛾1+𝛼1)
) and 𝑟3 =

(𝛾2+𝛼2)(𝛽𝑢𝛽1𝛬1𝛬ℎ𝑣3+(𝛾1+𝛼1)𝛽𝑖𝛽2𝛬1𝛬ℎ)𝑣2

(𝛾1+𝛼1)(𝛾2+𝛼2)(𝛿+𝛿𝑖+𝛿𝑢+𝜐1)
. 823 

Hence, upon examining 𝒗, it becomes evident that the second-order partial derivatives, denoted as 824 

ψ𝑘 for 𝑘 = 1, 5, 6,7,8,10, linked to the left eigenvalues, will vanish. Consequently, only the partial 825 

derivatives associated with 𝑘 = 2, 3, 4, 9 and 11 at the disease-free equilibrium are taken into 826 

consideration. This leads to the determination of the coefficients 𝑎 and 𝑏 as follows: 827 

𝑎 = 𝑣2𝑢2𝑢9
𝜕2ψ2(0,0)

𝜕𝑧2𝜕𝑧9
+ 𝑣2𝑢3𝑢11

𝜕2ψ2(0,0)

𝜕𝑧3𝜕𝑧11
+ 𝑣3𝑢3𝑢11

𝜕2ψ3(0,0)

𝜕𝑧3𝜕𝑧11
+ 𝑣4𝑢2𝑢9

𝜕2ψ4(0,0)

𝜕𝑧2𝜕𝑧9
+ 𝑣9𝑢3𝑢8

𝜕2ψ9(0,0)

𝜕𝑧3𝜕𝑧8
+ 𝑣11𝑢2𝑢10

𝜕2ψ11(0,0)

𝜕𝑧2𝜕𝑧10
828 

= (
𝛽𝑢𝛽1𝛽2𝛬1
𝛾2 + 𝛼2

+
(𝑟3 − 1)𝛽1𝛽𝑢

2𝛬1
𝛾1 + 𝛼1

)𝑣2𝑢2𝑢3 +
𝛽1
2𝛽2

2𝛬1𝛬ℎ
𝛾
2
2 𝑣2𝑢2

2 +
𝛽𝑢𝛽2𝛬1[𝛾1𝛾2𝛽2𝑣2𝑢2

2 − (𝛾2 +𝛼2)𝛽𝑖𝛬2𝑣3𝑢3
2]

𝛾1𝛾2(𝛾1 + 𝛼1)
829 

𝑏 = 𝑣9𝑢3
𝜕2ψ9(0,0)

𝜕𝑧3𝜕𝛽𝑖
∗ + 𝑣9𝑢4

𝜕2ψ9(0,0)

𝜕𝑧4𝜕𝛽𝑖
∗ =

𝛽1𝛬1𝛬ℎ
𝛾1𝛾2

𝑣3
2 830 

The computation of the coefficient reveals that despite 𝑏 > 0, it is not evident that 𝑎 is also positive. 831 

In such instances, the disease-free equilibrium does not exhibit asymptotic stability, and there is a 832 

possibility of an endemic equilibrium if 𝑟3 > 1 and 𝛾1𝛾2𝛽2𝑣2𝑢2
2 > (𝛾2 + 𝛼2)𝛽𝑖𝛬2𝑣3𝑢3

2. However,833 

if the aforementioned condition holds true, resulting in a positive value for 𝑎, the SHM co-infection 834 

model experiences a backward bifurcation, given that both 𝑎 and b are positive. 835 
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