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Abstract 19 

Irrigation is widely linked to increased malaria vector population and transmission in rural 20 

Africa, yet it remains essential for improving food security. Balancing agricultural productivity 21 

with public health therefore requires approaches that consider malaria risk. In this study, we 22 

integrated a hydrologic model with an agent-based malaria model to evaluate the impacts of 23 

cropping practices, irrigation strategies, and human and mosquito mobility on malaria 24 

transmission in Homa Bay, Kenya. We examined scenarios with single crops (either staple or 25 

cash crops) and mixed cropping systems, alongside irrigation methods including flood, 26 

intermittent, and drip irrigation. The modeling framework captures spatiotemporal dynamics of 27 

mosquito breeding habitats driven by crop water demands and irrigation scheduling. Results 28 

show that staple crops such as rice required approximately 12% more irrigation than vegetables 29 

but were associated with 3-7% lower transmission metrics. This suggests that the timing and 30 

spatial distribution of water application are more important than total irrigation volume in 31 

determining larval habitat conditions. Combining intermittent and drip irrigation reduced 32 

malaria prevalence by 44% relative to flood irrigation, as it limited the extent and persistence of 33 

larval habitats. Water-efficient irrigation strategies also concentrated transmission into smaller 34 

areas, making targeted interventions more feasible. Under these more heterogeneous risk 35 

patterns, human movement and vector dispersal played a critical role in shaping malaria 36 

prevalence. Overall, the integrated modeling approach provides a framework for evidence-37 

based agricultural planning that meets crop water demands while reducing malaria risk. 38 

 39 

Plain Language Summary 40 

In rural Africa, expanding irrigation helps farmers grow more food and rely less on rainfall, but it 41 

can also create mosquito breeding sites that facilitate malaria transmission. Farming practices 42 

should therefore support both food production and public health. In this study, we combined a 43 

water model with a malaria model to see how cropping practices, irrigation styles and 44 

movement of people and mosquitoes affect malaria risk in Homa Bay, Kenya. We tested single 45 

and mixed crops, and irrigation options including flooding, intermittent, and drip systems  46 

The results showed that growing rice used 12% more irrigation water than vegetables but 47 

transmission metrics were 3-7% lower. This indicates that timing and location of water 48 

application matter more than total amount in determining mosquito breeding conditions. The 49 

combination of intermittent and drip irrigation reduced malaria transmission by 44% compared 50 

to flood irrigation because it limited standing water in fields. These water-efficient irrigation 51 

methods also kept malaria transmission more localized, potentially enabling targeted control 52 

efforts. In these localized conditions, movement of people and mosquitoes became especially 53 

important because infections could spread between high- and low-risk areas. Overall, the 54 

combined modeling approach can help guide farming practices that meet water needs while 55 

minimizing malaria risk. 56 
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1 Introduction 57 

Agriculture remains a cornerstone of economic development in Africa, where reliable 58 

water access is essential for crop production and food security (Gracia-de-Rentería et al., 2024). 59 

Yet, more than 90% of cultivated land in sub-Saharan Africa is rainfed, leaving agricultural 60 

systems highly vulnerable to rainfall variability and climatic extremes (Karpouzoglou & Barron, 61 

2014). Expanding irrigation is widely recognized as a key strategy to improve resilience and 62 

sustain productivity (Xie et al., 2020), as it allows farmers to extend growing seasons and 63 

stabilize yields. In practice, however, many irrigation schemes fail to deliver these benefits. 64 

Despite substantial investments from local governments and international partners, outcomes 65 

are often limited by low farmer adoption, inefficient water use, and poor profitability 66 

(Higginbottom et al., 2021; Kanda & Lutta, 2022; Nakawuka et al., 2018). Addressing these 67 

constraints requires stronger governance, greater farmer engagement, and more effective 68 

water management to ensure the long-term sustainability of irrigation initiatives (Merrey et al., 69 

2017; Nakawuka et al., 2018). 70 

Irrigation development also introduces important public health challenges. A key 71 

concern is malaria, a water-related vector-borne disease that remains endemic in 83 countries, 72 

with over 90% of global cases and deaths occurring in Africa (Haileselassie et al., 2021; Ondeto 73 

et al., 2022; Patz et al., 2000; World Health Organization, 2024). In many parts of the region, 74 

flood irrigation is the predominant irrigation method due to its simplicity and lower initial cost 75 

(Frenken, 2005). However, this approach often leads to inefficient water use and formation of 76 

stagnant pools, which provide breeding habitats for Anopheles mosquitoes, the primary vector 77 

of malaria and increase disease transmission (Djègbè et al., 2020; Mboera et al., 2010).  78 

Integrating malaria prevention into agricultural practices is therefore necessary (Frake 79 

et al., 2024; Janko et al., 2018). The World Health Organization (WHO) acknowledged that 80 

environmental management can be incorporated into national malaria control programs 81 

(World Health Organization, 2023). These approaches focus on modifying or manipulating 82 

malaria vector larval habitats to limit their formation and persistence (Walker & Lynch, 2007). 83 

For example, intermittent irrigation has been found to introduce dry periods between watering 84 

cycles, disrupting larval development and reducing mosquito populations in rice fields (Chan et 85 

al., 2022; Djègbè et al., 2020; Keiser et al., 2002; Mutero et al., 2000). 86 

Implementing these strategies effectively requires a comprehensive understanding of 87 

how hydrological processes influence mosquito breeding. Modeling tools have become valuable 88 

for evaluating such interventions and guiding locally tailored solutions. For instance, Gu and 89 

Novak (2009) used an agent-based model to show that removing mosquito larval habitats near 90 

human settlements can substantially reduce malaria risk. Similarly, Gianotti et al. (2009) applied 91 

hydrologic modeling in Banizoumbou, Niger, to demonstrate that surface modifications, such as 92 

leveling and plowing, can reduce the persistence of breeding pools. Other modeling studies 93 

have shown that regulating water levels in reservoirs can help reduce shoreline habitats for 94 

mosquitoes without compromising hydropower generation or downstream irrigation supply 95 

(Kibret et al., 2015; Kibret et al., 2019; Reis et al., 2011). 96 

While these studies highlight the potential of environmental management in controlling 97 

malaria, there is limited research on how particular agricultural decisions, particularly cropping 98 
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practices and irrigation strategies, influence malaria risk in irrigated landscapes. As irrigation 99 

expands to meet growing food demands, understanding the influence of these decisions on 100 

malaria vector larval habitats and disease transmission becomes crucial. Such insight is essential 101 

for designing integrated approaches that improve agricultural productivity while protecting 102 

public health. 103 

This study examines the potential of advanced irrigation strategies, including 104 

intermittent and drip irrigation, to reduce malaria transmission in a developing irrigation 105 

scheme in Homa Bay, Kenya. We also evaluate malaria transmission under different cropping 106 

practice scenarios, comparing staple crops for local food security with cash crops for 107 

commercial markets. To perform this assessment, we use a hydrology-based malaria model 108 

that integrates the ParFlow-Community Land Model (ParFlow-CLM) (Ashby & Falgout, 1996; 109 

Jones & Woodward, 2001; Kollet & Maxwell, 2006; Maxwell, 2013; Maxwell & Kollet, 2008) 110 

with the Epidemiological MODeling (EMOD) framework (Bershteyn et al., 2018; Eckhoff, 2011, 111 

2012a, 2012b). This integrated model explicitly simulates surface water pooling as influenced 112 

by irrigation frequency, crop water demand, and cultivated area, while also considering human 113 

movement and malaria vector dispersal. By capturing the interactions between hydrology, 114 

cultivation, and disease transmission, the model allows a detailed assessment of how different 115 

agricultural decisions affect vector populations and human malaria risk. To the best of our 116 

knowledge, this is the first study to use such a coupled modeling approach to examine irrigation 117 

strategies and cropping patterns in relation to malaria transmission in a sub-Saharan 118 

agricultural setting. 119 

2 Materials and Methods 120 

2.1 Study Area 121 

The study area encompasses the Oluch irrigation scheme and its vicinity along the 122 

shores of Lake Victoria’s Winam Gulf in Homa Bay County, western Kenya (Figure 1a). Spanning 123 

roughly 170 km², the area comprises both irrigated and non-irrigated lands, with elevations 124 

between 1,135 and 1,310 m above sea level. Launched in 2007, the Oluch irrigation project was 125 

designed to utilize gravity-fed water from the Awach Tende River for small-scale irrigation. The 126 

project involves establishing 53 irrigation blocks and building canals to channel water from the 127 

river to agricultural fields (Figure 1b). Its primary goal is to boost food production in the region 128 

through its capacity to support the cultivation of maize, rice, vegetables, and other horticultural 129 

crops (Omoro, 2018). 130 

The Oluch irrigation scheme experiences a bimodal rainfall pattern (Figure S1), with a 131 

long rainy season from March to June and a shorter rainy period from October to November. 132 

The long rainy season generally coincides with peak malaria transmission. Mean annual 133 

precipitation is approximately 1,351 mm and frequently causes flooding within the irrigation 134 

scheme. Based on flood risk exposure, the irrigation scheme was divided into three zones: long-135 

term flooding (two to four weeks of inundation, mainly in April and May), short-term flooding 136 

(less than two weeks), and areas unaffected by flooding  (GFA Terra Systems et al., 2005) 137 

(Figure 1b). All cropping practices and irrigation strategies evaluated in the scenario analyses 138 

are applied exclusively within the irrigation scheme. 139 
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Homa Bay is a malaria-endemic region with transmission occurring throughout the year. 140 

The primary malaria vector is the Anopheles arabiensis mosquito, which favors sunlit, stagnant 141 

water for breeding (Ondeto et al., 2022; Orondo et al., 2023). In this modeling effort, it was 142 

assumed to be the only vector species. Past research has demonstrated a strong association 143 

between irrigation and malaria risk in the area, as irrigated areas exhibit higher mosquito 144 

densities and more than twice the prevalence of Plasmodium infection (Omondi et al., 2022). 145 

Furthermore, clinical malaria incidence in irrigated areas has been reported to be nearly three 146 

times higher compared to their non-irrigated counterparts (Ondeto et al., 2022; Zhou et al., 147 

2022). 148 

 149 

Figure 1. Modeling domain. (a) Study area and the Oluch irrigation scheme. Twenty study 150 

clusters (10 in irrigated setting and 10 in non-irrigated setting) were identified to provide field 151 

data for model development and calibration. Each cluster covers 1-2.5 km2 and contains 40-50 152 

households, or approximately 300-500 residents. (b) Irrigation blocks classified by flood 153 

conditions. (c) EMOD modeling nodes and associated population distribution. 154 

2.2 Model Domain and Overview 155 

In this study, we employed a hydrology-integrated malaria modeling framework that 156 

was previously developed and validated in an Ethiopian irrigated sugarcane plantation (Jiang, 157 

Lee, et al., 2023). This framework coupled ParFlow-CLM with EMOD to capture the 158 

spatiotemporal variability of larval habitats and resulting malaria transmission dynamics at high 159 

resolution. 160 

ParFlow-CLM is a three-dimensional, gridded hydrologic model that simulated terrestrial 161 

water cycle processes across the study area. The model domain was discretized at a 90 m 162 



manuscript submitted to Water Resources Research 

 

horizontal resolution with five vertical subsurface layers (0.1 m, 0.3 m, 0.6 m, 1 m, and 68 m), 163 

yielding a total depth of 70 m from ground surface to bedrock. Subsurface water movement 164 

was governed by the Richards’ equation (Richards, 1931), while overland flow and its 165 

interaction with the subsurface flow were represented by diffusive wave boundary conditions 166 

(Kollet & Maxwell, 2006). Land-atmospheric interactions including evapotranspiration and heat 167 

fluxes were incorporated based on land use classifications and vegetation canopy properties 168 

(Dai et al., 2003). ParFlow-CLM was run at an hourly timestep to resolve hydrologic processes, 169 

with surface soil saturation output daily for coupling with EMOD. These daily soil saturation 170 

estimates were used to infer larval habitat availability and drive mosquito development in 171 

EMOD. 172 

EMOD is an agent-based epidemiological model that simulates interactions among 173 

humans, mosquito vectors, and their shared environment using rule-based behaviors defined 174 

by agent attributes (Bershteyn et al., 2018). It represents the entire malaria transmission cycle, 175 

including human and vector population dynamics, human immunity, within-host parasite 176 

dynamics, and intervention effects (Eckhoff, 2013). In this study, EMOD was run at a daily 177 

timestep and organized into spatial units ("node”) representing local malaria transmission 178 

environments. Each node corresponded to an Uber H3 level 8 hexagon (Brodsky, 2018), 179 

covering approximately 0.75 km2. The study area comprised 225 nodes (Figure 1c), with an 180 

estimated population of around 88,000 in 2020 (Meta, 2025). Human movement between 181 

nodes was modeled using a radiation model based on population size and inter-node distance 182 

(Simini et al., 2012), while malaria vector dispersal followed a random walk formation 183 

parameterized by daily flight distance and the survival rate of the Anopheles mosquito (Thomas 184 

et al., 2013). Additional details on human movement and vector dispersal modeling are 185 

provided in Section 2.5. 186 

The integration of the two models was achieved by replacing EMOD’s internal larval 187 

habitat module with habitat area estimates derived from ParFlow-CLM soil saturation outputs. 188 

Standing water was assumed to form when surface soil saturation exceeded a calibrated 189 

threshold (Jiang et al., 2021). Each ponding event was then classified by its duration into one of 190 

four habitat types: non-permissive (less than 15 days), temporary (15-30 days), semi-191 

permanent (30-90 days), or permanent (more than 90 days)  (Orondo et al., 2023). The dynamic 192 

fractional area of each habitat type within each EMOD node was computed and supplied as 193 

input to EMOD. Within EMOD, mosquitoes progress through four life stages: eggs, larvae, 194 

immature adults which do not seek bloodmeal or reproduce, and mature adults which seeks 195 

bloodmeal and reproduces (Eckhoff, 2011). The habitat area derived from ParFlow-CLM 196 

governs the number of eggs that can successfully transition to the larval stage, ultimately 197 

determining the number of adult female mosquitoes that emerge, feed, reproduce, and 198 

contribute to malaria transmission. Further details on the model coupling process can be found 199 

in Jiang, Lee, et al. (2023).  200 

2.3 Data for ParFlow-CLM Development and Calibration 201 

ParFlow-CLM requires climate data to drive its hydrologic processes. Rainfall inputs 202 

were obtained from Precipitation Estimation from Remotely Sensed Information using Artificial 203 

Neural Networks Dynamic Infrared-Rain Rate (PDIR-Now) dataset (Nguyen et al., 2020), which 204 
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was bias-corrected using monthly gauge-fused data from the Global Precipitation Climatology 205 

Project (Adler et al., 2003). Additional climate variables, including air temperature, specific 206 

humidity, surface pressure, wind speeds, and short-wave and long-wave radiations, were 207 

sourced from the fifth generation of the global atmospheric reanalysis by the European Centre 208 

for Medium-Range Weather Forecasts (ECMRWF) (Hersbach et al., 2023).  209 

Land surface characteristics were defined using a combination of topographic, land 210 

cover, and agricultural information. Topography was derived from the Copernicus GLO-30 211 

global digital elevation model (Airbus, 2020), which was hydro-conditioned to remove noise and 212 

fill voids while maintaining terrain integrity (Jiang, Hsu, et al., 2023). Land cover was classified 213 

based on annual global land use/land cover maps derived from Sentinel-2 imagery, produced by 214 

Esri and Impact Observatory (Karra et al., 2021). Agricultural inputs, including crop types and 215 

irrigation practices, were guided by a project-specific irrigation scheme design report (GFA 216 

Terra Systems et al., 2003) to ensure they were both manageable within the model and 217 

representative of real-world practices. Irrigation requirements were further estimated by the 218 

reference evapotranspiration data from the Water Productivity through Open Access of 219 

Remotely sensed derived data (WaPOR) database (Food and Agriculture Organization, 2020). 220 

Additional implementation details are provided in Section 2.6. 221 

The subsurface was modeled as a multi-layered soil zone above an unconsolidated 222 

aquifer. The upper two meters below ground surface were designated as soil, with physical and 223 

hydraulic properties sourced from the SoilGrids250m TAXOUSDA data set (Hengl et al., 2017) 224 

and SoilKsatDB (Gupta et al., 2020). Below this depth, extending to the bedrock, the subsurface 225 

was considered as an unconsolidated aquifer with hydrogeologic properties obtained from 226 

GLHYMPS 2.0 (Gleeson et al., 2014).  To assess the accuracy of ParFlow-CLM outputs, a satellite-227 

based surface soil moisture product developed by the NASA’s National Snow and Ice Data 228 

Center (Lakshmi & Fang, 2023) was used for benchmarking. A complete list of input and 229 

calibration datasets can be found in Table S1. 230 

2.4 Data for EMOD Malaria Model Development and Calibration 231 

Demographic data, climate variables, mosquito ecology, and intervention information 232 

were used to characterize agent properties and interactions in EMOD. The initial human 233 

population distribution was defined using high-resolution density maps developed by Meta and 234 

the Center for International Earth Science Information Network (CIESIN) at Columbia University 235 

(Meta, 2025). Land surface temperature data were sourced from the global atmospheric 236 

reanalysis dataset provided by ECMWF (Hersbach et al., 2023) to inform temperature-237 

dependent processes such as mosquito development and parasite sporogony.  238 

To estimate the spatial distribution of adult mosquitoes emergence, larval habitat 239 

information was compiled from field campaigns conducted during both dry and rainy seasons 240 

between 2017 and 2023 (Orondo et al., 2023). A total of 12,977 natural larval habitats were 241 

surveyed within 200 m of the edge of the study clusters. (Figure S2). Each habitat was classified 242 

by surface water persistence into temporary, semi-permanent, or permanent types, with 243 

approximately 20%, 65%, and 15% of habitats falling into each respective category. At each 244 

habitat, larvae were sampled using a 350 mL dipper in accordance with the WHO standard 245 
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protocol. These data were used to calculate larval density, which was scaled using a calibrated 246 

factor to determine larval capacity (Jiang, Lee, et al., 2023) (Table S2). The spatial distribution of 247 

larval capacity was interpolated from cluster locations using the Voronoi Diagram method 248 

(Aurenhammer, 1991) (Figure S3). This method partitioned the EMOD modeling domain into 249 

regions based on proximity to study clusters, so that each region contained all EMOD nodes 250 

closest to a given cluster. Nodes within the same region shared the larval capacity of the 251 

associated cluster, and these values were multiplied by the derived habitat area from ParFlow-252 

CLM to estimate the maximum number of mosquito larvae that could potentially coexist within 253 

each EMOD node. 254 

In addition to the larval habitat survey, entomological and epidemiological indicators 255 

were sourced from previous studies (Omondi et al., 2022; Ondeto et al., 2022) to support 256 

model calibration. Details of these datasets are provided in Text S1 and the spatiotemporal 257 

resolution of all input and calibration data is summarized in Table S3. 258 

2.5 Inter-Node Connectivity in EMOD 259 

In this study, we extended our previous hydrology-integrated malaria modeling 260 

framework (Jiang, Lee, et al., 2023) by shifting from a single-node setup to a multi-node 261 

simulation, allowing a more realistic representation of spatial heterogeneity in malaria 262 

transmission. This enhancement involved establishing connections between nodes to account 263 

for both human and mosquito mobility. In EMOD, both human and mosquito mobility are 264 

modeled through daily probabilities that individuals can move from one node to another. These 265 

probabilities are organized into a square mobility matrix of size 𝑁 by 𝑁, where 𝑁 is the total 266 

number of nodes. Each element in the matrix indicates the probability of movement from a 267 

specific origin node to a particular destination node. 268 

2.5.1 Human Movement 269 

To generate the human mobility matrix, we employed a modified radiation model (De 270 

Lellis et al., 2021; Simini et al., 2012), which estimated movement based on population and 271 

distance data and involves only a single parameter (𝛼). For simplicity, we assumed (1) mobility 272 

flows between nodes remain constant over time, and (2) the daily return probability is 0.95, 273 

meaning individuals are highly likely to return to their origin nodes in the following day. These 274 

assumptions help maintain the population distribution and stabilize movement dynamics. The 275 

probability of movement from node 𝑖 to 𝑗, denoted as 𝑃𝑖𝑗 is defined as 276 

 𝑃𝑖𝑗 =
𝑛𝑖

𝑚𝑟𝑖𝑗

𝑛𝑖
, (1) 277 

where 𝑛𝑖  is the population in node 𝑖, 𝑛𝑖
𝑚 is the mobile subpopulation (individuals capable of 278 

migration), and 𝑟𝑖𝑗 is the probability that a mobile individual from node 𝑖 chooses node 𝑗 as the 279 

destination. 280 

The mobile subpopulation 𝑛𝑖
𝑚 was determined using the parameter 𝛼, adapted from 281 

De Lellis et al. (2021), as follows: 282 
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 𝑛𝑖
𝑚 = (1 − 𝛼)𝑛𝑖. (2) 283 

In the original context, 𝛼 was used to represent environmental constraints on mobility. Here, it 284 

simply indicates the proportion of people who cannot undertake overnight trips. In the absence 285 

of  detailed local mobility survey, we assumed a uniform 𝛼 value across all nodes and calibrated 286 

it to match an average of 1.65 overnight trips per person over a six-month period, based on 287 

survey data from Camlin et al. (2019). 288 

The destination probability 𝑟𝑖𝑗 considers individuals’ tendency to prefer more populated 289 

destinations, which acts as a proxy for available opportunities, while also accounting for the 290 

distance from the origin and the presence of intervening opportunities (De Lellis et al., 2021). It 291 

is calculated as  292 

 𝑟𝑖𝑗 = {

𝑛𝑖𝑛𝑗

(𝑛𝑖+𝑠𝑖𝑗)(𝑛𝑖+𝑛𝑗+𝑠𝑖𝑗)
,           if 𝑖 ≠ 𝑗,

𝑛𝑖

∑ 𝑛𝑙
𝑁
𝑙=1

,                               if 𝑖 = 𝑗.
 (3) 293 

In this context, 𝑠𝑖𝑗 denotes the total population within a radius around node 𝑖 equal to its 294 

distance to node 𝑗, excluding the populations of nodes 𝑖 and 𝑗. This term encapsulates the 295 

concept of intervening opportunities, which affect the attractiveness of a movement 296 

destination. Based on this model, the estimated spatial distribution of the initial population in 297 

2014 is presented in Figure 2. 298 

 299 

Figure 2. Estimated spatial distribution of human daily movement in 2014 derived from the 300 

modified radiation model. (a) Incoming daily movement population, (b) outgoing daily 301 

movement population, and (c) net daily movement population, which was calculated as the 302 

difference between incoming and outgoing populations. 303 

2.5.2 Malaria Vector Dispersal 304 

Malaria vector dispersal was simulated using a random walk framework following  Leung 305 

et al. (2022) and Thomas et al. (2013). In the simulation, 10,000 Anopheles arabiensis 306 

mosquitoes were released from a single origin and their positions were tracked at daily 307 

intervals. Each mosquito was assigned an average daily flight distance of 1,040 m (Verdonschot 308 

& Besse-Lototskaya, 2014) and a daily survival probability of 0.8 (Atieli et al., 2023; Ntabaliba et 309 

al., 2023). At each daily timestep, mosquitoes moved in a random direction, and a subset was 310 
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removed according to the survival probability. The simulation continued until all mosquitoes 311 

had perished or 40 days was reached, whichever occurred first. The resulting spatial 312 

distribution of mosquito endpoints is shown in Figure 3a.  313 

The simulated endpoint locations were aggregated into 100-m displacement bins to 314 

estimate mosquito density as a function of distance from the release point. Several commonly 315 

employed dispersal distribution functions, including the negative exponential, half-Cauchy, 316 

power-law, and Weibull distributions (Cousens et al., 2008) were evaluated for goodness of fit. 317 

The Weibull distribution provided the best fit (Figure 3b) and was therefore used to construct a 318 

normalized malaria vector dispersal kernel (Figure 3c). This kernel was then integrated over the 319 

spatial extent of each destination node to derive the daily probability of mosquito movement 320 

from an origin node to that node. Since the kernel is distance-dependent, movement 321 

probabilities decrease with increasing distance from the origin. For each origin node, 322 

probabilities across all destination nodes, together with the probability of remaining at the 323 

origin, were normalized to sum to 1, yielding a distance-dependent, node-to-node mobility 324 

matrix consistent with the EMOD spatial framework. 325 

 326 

Figure 3. Estimation of adult vector dispersal. (a) End locations of simulated Anopheles 327 

arabiensis mosquitoes in the random walk framework. (b) Histogram of vector density by 328 

displacement from the source location with the fitted Weibull function. (c) Normalized Malaria 329 

vector dispersal kernel derived from the fitted Weibull distribution. 330 

2.6 Agricultural Configuration 331 

The hydrology-integrated malaria model was calibrated for the period 2014-2023. 332 

ParFlow-CLM was initialized with a 10-year spin-up using the same input data as the calibration 333 

period, while EMOD employed a 40-year intervention-free spin-up generated by repeating the 334 

same 10-year input sequence to establish stable initial conditions.  335 

The Oluch irrigation scheme includes a mix of irrigated and non-irrigated areas, with 336 

flood irrigation as the dominant practice (Ouma et al., 2024). Farmers cultivate a diverse range 337 

of crops, including rice, maize, beans, tomatoes, and leafy vegetables such as kale. While 338 

farming is largely subsistence-based, many households sell high-value crops in local markets for 339 

additional income (Onyango, 2023). Crop production generally follows two rainfall-driven 340 

seasons from March to August and from September to February (Food and Agriculture 341 

Organization, 2021; Makone et al., 2021; Osika et al., 2023).  342 
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For the calibration run, the irrigated areas were configured as expanding from 5% in 343 

2014 to 50% in 2023, with new plots added annually near canals and water sources to 344 

approximate gradual infrastructure development (Ouma et al., 2024) (Figure S4). Cropping 345 

patterns were assigned based on flood-risk zones defined in the Oluch irrigation scheme design 346 

report  (GFA Terra Systems et al., 2003) (Figure 1b). In the long-term flooded zone, rice 347 

cultivation was grown during the long rains, followed by beans and peas during the short rains 348 

to improve soil fertility. In the short-term flooded zone, flood-sensitive crops like vegetables 349 

were excluded during the long rains due to the risk of flooding. The non-flooded zone was 350 

considered suitable for most crops except rice. These rules defined the spatially and seasonally 351 

varying cropping patterns in the model (Figure S5).  352 

Irrigation in ParFlow-CLM was modeled by prescribing irrigation rates for land cover 353 

types identified as irrigated. Each land cover type was linked to a specific Plant Functional Type 354 

(PFT), characterized by structural and biological parameters that govern surface water balance 355 

and evapotranspiration (Gillison, 2016). Since the default cropland category in ParFlow-CLM is 356 

not crop-specific, we added land cover types for individual crops and adjusted their PFT 357 

parameters accordingly (Table S4).  358 

The theoretical irrigation requirements (𝐼𝑟𝑟) was defined as the difference between 359 

crop evapotranspiration (𝐸𝑇𝑐) and effective precipitation (𝑃𝑒) (Allen et al., 1998): 360 

 𝐼𝑟𝑟 = 𝐸𝑇𝑐 − 𝑃𝑒, (4) 361 

where 𝐸𝑇𝑐 represents the water demand for crop growth under optimal agronomic and soil 362 

moisture conditions.  𝐸𝑇𝑐 was estimated as: 363 

 𝐸𝑇𝑐 = 𝐸𝑇0 × 𝐾𝑐. (5) 364 

Here, 𝐸𝑇0 is the reference evapotranspiration from a well-watered grass surface, and 𝐾𝑐 is a 365 

crop coefficient that varies by crop type and growth stage (Table S5). In the model, irrigation 366 

rates were prescribed directly as 𝐸𝑇𝑐, with irrigation applied only when soil moisture was below 367 

full saturation, effectively accounting for the contribution of 𝑃𝑒. Since 𝐸𝑇0 data (Food and 368 

Agriculture Organization, 2020) was provided on a monthly basis, irrigation rates were specified 369 

monthly and applied uniformly as an average hourly rate throughout each month.  370 

2.7 Model Calibration Procedure 371 

Calibration of the hydrology-integrated malaria modeling framework was conducted in 372 

two stages. The first stage focused on the hydrologic component by tuning ParFlow-CLM 373 

parameters to improve soil saturation simulations and identifying a soil saturation threshold 374 

above which model grid cells were identified as potential larval habitats. The second stage 375 

involved calibrating EMOD parameters to improve the accuracy of simulated malaria 376 

transmission dynamics. 377 

ParFlow-CLM is a fully integrated, physically based hydrologic model that has 378 

demonstrated reliable performance with minimal parameter adjustment (Poméon et al., 2020; 379 

Saadi et al., 2022). Due to its computational cost and established robustness, manual 380 

calibration was performed on key soil parameters such as saturated hydraulic conductivities. 381 
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Model performance was evaluated by comparing the spatial average of simulated surface soil 382 

saturation against SMAP-derived soil moisture data (Lakshmi & Fang, 2023).  383 

To further evaluate the spatial accuracy of simulated soil saturation and identify the soil 384 

saturation threshold, we calculated the predicted-to-expected (P/E) ratio (Boyce et al., 2002). 385 

This ratio tests whether model grid cells with higher simulated soil saturation contain more 386 

observed larval habitats than expected by chance. In this analysis, simulated soil saturation 387 

values were divided into partially overlapping bins using a moving window approach (Hirzel et 388 

al., 2006). For each bin, the P/E ratio was calculated, where P represents the proportion of 389 

observed larval habitats located in model grid cells whose simulated soil saturation falls within 390 

the bin and E is the proportion of grid cells in the study area with simulated soil saturation 391 

exceeding the midpoint of the bin. 392 

The resulting P/E ratios across bins were used to construct a P/E curve with a 95% 393 

confidence interval. The soil saturation threshold was defined as the lowest saturation value for 394 

which the lower confidence bound exceeded 1, indicating that observed larval habitats 395 

occurred more frequently than expected by random chance in grid cells with soil saturation 396 

above this value. The Continuous Boyce Index (CBI) was also calculated to evaluate the 397 

monotonicity of the P/E curve  (Boyce et al., 2002; Hirzel et al., 2006). A consistently increasing 398 

curve indicates strong predictive performance, whereas a flat curve suggests the model 399 

performs no better than random (Boyce et al., 2002). 400 

In the second stage, EMOD was calibrated to align model outputs with observed malaria 401 

indicators, including adult mosquito density, entomological inoculation rate (EIR), and parasite 402 

prevalence. Calibration was performed in two steps using the Gradient Ascent method (Ruder, 403 

2016), which maximizes an objective function by iteratively adjusting model parameters in the 404 

direction of steepest ascent. The first step focused on vector dynamics parameters including 405 

habitat larval capacity and temperature-dependent growth rates (Table S6). This process was 406 

guided by a weighted combination of objective functions, including (1) the correlation between 407 

simulated and field adult vector abundance, and (2) the root mean squared error (RMSE) 408 

between simulated and observed EIR. In the second step, parameters related to parasite 409 

prevalence and malaria incidence (Table S7) were optimized. The objective function was a 410 

binomial log-likelihood function which compared the simulated infection prevalence against the 411 

observed parasite prevalence. This two-step calibration strategy decouples the entomological 412 

and epidemiological components, allowing for targeted tuning and improved model fidelity. 413 

Prior to calibration, a sensitivity analysis was conducted to identify parameters with the 414 

greatest influence on model outputs. 415 

2.8 Model Scenarios 416 

After calibration, the coupled modeling framework was used to simulate four groups of 417 

scenarios designed to isolate the effects of irrigation expansion, cropping patterns, irrigation 418 

strategies, and mobility on malaria transmission. The scenario configurations are summarized in 419 

Table 1. 420 

The first group represented a baseline scenario in which the 2023 agricultural 421 

configuration was maintained for an additional 10 years using historical climate data. 422 
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Diversified cropping patterns and flood irrigation over approximately 50% of the scheme 423 

remained unchanged, reflecting the status quo of current agricultural practices. This scenario 424 

provided a reference for assessing the effects of expanding irrigation. 425 

The second group examined alternative cropping practices under full irrigation coverage 426 

using flood irrigation. Three cropping configurations were considered: (1) diversified cropping, 427 

which reflected existing practice and includes maize, rice, vegetables, and beans; (2) cash crop 428 

dominant, in which vegetables were grown in both crop periods to represent an intensive 429 

production strategy focused on profitability; and (3) staple crop dominant, which planted rice 430 

during the first crop period followed by maize during the second, consistent with food security 431 

objectives. 432 

The third group explored alternative irrigation strategies under full irrigation coverage 433 

with diversified cropping practices. Three irrigation configurations were implemented: (1) flood 434 

irrigation, reflecting the current condition; (2) intermittent irrigation, applied to rice and 435 

bean/pea systems in the long-term flooded zone; and (3) water saving irrigation, which 436 

combined intermittent irrigation in flooded zones with conceptual drip irrigation in short-term 437 

and non-flooded zones. In the intermittent irrigation configuration, the irrigation threshold was 438 

reduced to 90% soil saturation, resulting in longer intervals between irrigation events and a 439 

50% decrease in water use. Drip irrigation was implemented conceptually following Pool et al. 440 

(2021), in which model grid cells within the irrigation scheme were partitioned into wet and dry 441 

fractions. Wet fractions were irrigated as in the flood method, whereas dry fractions were 442 

treated as unirrigated grassland. 443 

The fourth group evaluated the sensitivity of malaria transmission to changes in human 444 

and vector mobility under different irrigation strategies. Building on the third group, mobility 445 

parameters were perturbed one factor at a time while holding the other constant. These 446 

perturbations represented plausible variability in mosquito dispersal and human travel 447 

behavior, which could change in response to environmental conditions, habitat distribution, 448 

and agricultural activities associated with irrigation (Lutambi et al., 2013; Pindolia et al., 2012; 449 

Verdonschot & Besse-Lototskaya, 2014). Human movement scenarios included (1) high 450 

movement and (2) low movement, corresponding to half and twice the baseline travel 451 

frequencies (0.825 and 3.3 trips per six months). Vector dispersal scenarios included (3) high 452 

dispersal and (4) low dispersal, corresponding to half and twice the baseline daily vector flight 453 

range (520 m and 2,080 m). Each mobility perturbation was applied to all three irrigation 454 

configurations. Spatial patterns and parameter settings for the mobility scenarios are provided 455 

in Figures S6 and S7. 456 

Table 1. Configuration of model scenario groups used to evaluate the impacts of cropping 457 

practices, irrigation strategies, and mobility on malaria transmission. 458 

Scenario 
Group 

Model 
Scenario 

Irrigated 
Area 

Crops 
Irrigation 
(LT / ST / 

NF*) 

Human 
Movement 

Vector 
Dispersal 

G1:  
Status Quo 

Baseline 50% 
Maize, Rice, 
Vegetables, 

Beans** 

Flood / Flood 
/ Flood 

Medium Medium 
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G2: 
Cropping 
Practice 

Diversified 
Crop 

100% 

Maize, Rice, 
Vegetables, 

Beans** 

Flood / Flood 
/ Flood 

Medium Medium 

Cash Crop 
Dominant 

Vegetables 
(both 

periods) 

Staple Crop 
Dominant 

rice in 1st 
crop period; 
100% maize 
in 2nd crop 
period 

G3: Irrigation 
Strategy 

Flood 
Irrigation 

100% 
Maize, Rice, 
Vegetables, 

Peas** 

Flood / Flood 
/ Flood 

Medium Medium 
Intermittent 

Irrigation 

Intermittent 
/ Flood / 

Flood 

Water Saving 
Irrigation 

Intermittent 
/ Drip / Drip 

G4: Irrigation 
and Mobility 
Sensitivity*** 

High Human 
Movement 

Same as G3 Same as G3 Same as G3 

High Medium 

Low Human 
Movement 

Low Medium 

High Vector 
Dispersal 

Medium High 

Low Vector 
Dispersal 

Medium Low 

Notes: 459 

*LT, ST, and NF denote long-term flooded, short-term flooded, and non-flooded zones within the irrigation 460 

scheme. 461 

**See Figure S5 for the cropping schedule. 462 

***Each mobility scenario in this group was simulated across the three irrigation strategies defined in G3. 463 

3 Results 464 

3.1 Calibration Results and Performance Assessment 465 

The performance of ParFlow-CLM was evaluated by comparing simulated daily domain-466 

averaged soil saturation to SMAP-derived soil moisture data (Lakshmi & Fang, 2023) from 2017 467 

to 2022. As shown in Figure S8, the simulated values generally agree with the SMAP data in 468 

both temporal variability and overall magnitude, yielding a correlation coefficient of 0.66 and a 469 

RMSE of 0.038 m3/m3. The moderate correlation reflects a tendency for the SMAP data to 470 

report lower soil moisture than ParFlow-CLM during dry and cold seasons. This discrepancy 471 

likely arises from uncertainties in the downscaling procedure utilized to generate the SMAP 472 

data, as well as known reductions in SMAP retrieval accuracy during extremely wet or dry 473 

periods, cold months, and in regions with dense vegetation or complex terrain (Fang et al., 474 

2024) . Despite these factors, the correlation is satisfactory and indicates that ParFlow-CLM 475 

captures the main soil moisture dynamics. 476 
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A predicted-to-expected (P/E) analysis was used to assess how well simulated soil 477 

saturation identified potential larval habitat locations. As shown in Figure 4, P/E ratios 478 

increased with soil saturation, indicating that observed larval habitats occurred more frequently 479 

in areas with higher soil saturation than expected by chance. This pattern was supported by a 480 

high Continuous Boyce Index (CBI = 0.95), reflecting strong agreement between simulated soil 481 

saturation and observed larval habitat locations. Based on the P/E curve, a soil saturation 482 

threshold of 0.91 was selected, where the lower bound of the 95% confidence interval 483 

exceeded 1. This threshold was subsequently applied in EMOD simulations to determine grid 484 

cells as potential larval habitats. 485 

 486 

Figure 4. Curve of predicted frequency over expected frequency (P/E) ratio against soil 487 

saturation. The black dashed lines demarcate the lower and upper boundaries 95% confidence 488 

interval. The horizontal red dashed line with P/E of 1 represents a completely random model 489 

that predicts habitats by chance. The P/E curve and its confidence interval were used to define 490 

the boundaries of ponding suitability levels (vertical red dashed lines), whereby soil saturation 491 

less than 0.73 is unsuitable, between 0.73 and 0.91 is marginal and above 0.91 is optimal.  492 

The EMOD model was assessed by comparing simulated adult vector density, annual 493 

EIR, and malaria prevalence with field observations (Omondi et al., 2022; Ondeto et al., 2022) 494 

from irrigated and non-irrigated clusters between 2019 and 2023. In 2019, the simulated 495 

annual EIR in irrigated clusters (0.34 infectious bites per person per year, ib/p/year) closely 496 

matched the observed value (0.35 ib/p/year) (Table S8). In non-irrigated clusters, the model 497 

estimated an EIR of 0.077 ib/p/year, slightly higher than the observed value of zero. This 498 

difference is acceptable, as EIR measurements in low-transmission settings are often based on 499 

very limited observations, leading to high uncertainty and variability in annual estimates.  500 

For adult vector density and malaria prevalence (Figure 5), the model generally 501 

reproduced the seasonal patterns and long-term trends. However, it did not capture the sharp 502 

increase in prevalence observed in 2022 across both cluster types. This may be due to 503 

underestimated rainfall in the satellite-derived climate forcing, which could limit breeding site 504 

availability or mosquito survival in the model. Overall, the performance of the EMOD model is 505 



manuscript submitted to Water Resources Research 

 

consistent with key transmission patterns observed in the field, providing a calibrated basis for 506 

subsequent scenario analyses. 507 

 508 

Figure 5. Comparison of simulated adult vectors and malaria prevalence against observation for 509 

(a)(b) irrigated clusters and (c)(d) non-irrigated clusters. 510 

3.2 Effect of Cropping Practices on Malaria Transmission 511 

Table 2 shows that fully irrigated conditions (100% irrigation) increased the annual 512 

average larval habitat area by 1.93-2.12 times relative to the baseline (50% irrigation), 513 

depending on cropping pattern. This expansion corresponded to higher EIR reflecting enhanced 514 

vector breeding conditions and increased vector-host contact. In contrast, malaria prevalence 515 

increased more modestly, suggesting a dampening effect from acquired immunity. Daily mean 516 

profiles over the simulation period showed that habitat expansion was greatest during the dry 517 

season (Figure 6c). A lagged response was observed, with EIR rising shortly after the increase in 518 

habitat availability (Figure 6b), followed by a delayed increase in prevalence (Figure 6d). 519 

Among the cropping practice scenarios, the cash crop dominant scenario produced the 520 

highest larval habitat area, EIR, and malaria prevalence (Table 2). Although the staple crop 521 

scenario required the greatest irrigation volume, it did not result in the highest transmission 522 

metrics. In this scenario, rice cultivation from March to August coincided with the long rainy 523 

season (Figure 6a), when soil was already saturated early in the season. As a result, additional 524 

irrigation contributed minimally to further habitat formation. This indicates that the timing of 525 

irrigation played a more important role than total irrigation volume in shaping transmission 526 

outcomes, particularly in flat farmland with semipervious to impervious soils where drainage 527 

was limited once saturation was reached. 528 

Spatial allocation of irrigation further differentiated outcomes across scenarios. Despite 529 

similar total irrigation volumes, the cash crop dominant scenario generated 9.8% more larval 530 

habitat area than the diversified crop scenario, resulting in 33% higher EIR and 13% higher 531 

prevalence. This difference arose from how irrigation was distributed. In the diversified crop 532 

scenario, a larger share of irrigation was applied to long-term flooded zones to support water-533 
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intensive rice cultivation (Figure S9a), where persistent inundation limited additional habitat 534 

expansion (Figure S9c). In contrast, the cash crop dominant scenario allocated more irrigation 535 

to non-flooded and short-term flooded zones, where habitat availability remained sensitive to 536 

irrigation inputs. The higher EIR and prevalence in the cash crop dominant scenario 537 

corresponded to increased irrigation in these non-flooded and short-term flooded zones. 538 

Table 2. Mean annual (a) irrigation quantity, (b) EIR, (c) larval habitat area, and (d) malaria 539 

prevalence in the irrigation scheme under the baseline and different crop practice scenarios. 540 

Values in parentheses are ratios relative to the baseline. 541 

Model Scenario 

Irrigation Quantity Habitat Area EIR Prevalence 

(mm per year) 
(average % in the 
irrigation scheme) 

(infectious bites per 
person per year) 

(%) 

Baseline 423 (1.00) 45.9 (1.00) 1.94 (1.00) 12.8 (1.00) 

Diversified Crop 807 (1.91) 88.4 (1.93) 3.42 (1.76) 19.5 (1.52) 

Cash Crop Dominant 808 (1.91) 97.4 (2.12) 4.55 (2.35) 22.2 (1.73) 

Staple Crop Dominant 905 (2.14) 93.4 (2.03) 4.23 (2.18) 21.4 (1.67) 

 542 

Figure 6. Ratio of 10-year daily mean (a) irrigation quantity, (b) EIR, (c) larval habitat area, and 543 

(d) malaria prevalence in the irrigation scheme, for diversified crop, cash crop dominant and 544 

staple crop dominant scenarios relative to the baseline. 545 

3.3 Effect of Irrigation Strategies on Malaria Transmission 546 

While expanding irrigation coverage from 50% to 100% increased habitat area by 93%, 547 

EIR by 76%, and malaria prevalence by 52% (Table 2), replacing flood irrigation with more 548 

efficient methods reduced these impacts. Applying intermittent irrigation to seasonally 549 

cultivated rice-bean/pea fields (33% of the irrigated area) reduced habitat area, EIR, and 550 

prevalence to 77%, 77%, and 83%, respectively, relative to flood irrigation (Table 3). In the 551 

water saving irrigation scenario, intermittent irrigation in these fields was combined with drip 552 

irrigation for the remaining crops (67% of the irrigated area), further reducing habitat area, EIR, 553 

and prevalence to 47%, 45%, and 56%, respectively. 554 
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Reductions were most pronounced during the dry season, when rainfall was limited and 555 

irrigation became the dominant source of surface water (Figure 7). Under flood irrigation, 556 

persistent surface water supported widespread larval habitats across all zones. In contrast, 557 

intermittent irrigation introduced drying intervals that interrupted habitat continuity in the 558 

rice-bean/pea fields, while drip irrigation minimized surface pooling by delivering water directly 559 

to the plant root zone. These changes in water distribution patterns reduced larval habitat 560 

persistence and vector abundance, resulting in lower EIR and prevalence. Relative to flood 561 

irrigation, EIR decreased by up to 55%, compared to a 44% reduction in malaria prevalence, 562 

indicating a stronger influence on EIR than on malaria prevalence. This difference is consistent 563 

with the more immediate response of mosquito dynamics to aquatic habitat availability and the 564 

slower response of human infections due to immunity and infection duration. 565 

Table 3. Mean annual (a) irrigation quantity, (b) EIR, (c) larval habitat area, and (d) malaria 566 

prevalence in the irrigation scheme under different irrigation strategy scenarios. Values in 567 

parentheses are ratios relative to the flood irrigation scenario. 568 

Model Scenario 

Irrigation Quantity Habitat Area EIR Prevalence 

(mm per year) 
(average % in the 
irrigation scheme) 

(infectious bites per 
person per year) 

(%) 

Flood Irrigation 807 (1.00) 88.4 (1.00) 3.42 (1.00) 19.5 (1.00) 

Intermittent Irrigation 670 (0.83) 68.4 (0.77) 2.63 (0.77) 16.2 (0.83) 

Water Saving Irrigation 441 (0.55) 41.9 (0.47) 1.54 (0.45) 11.0 (0.56) 

 569 

 570 

Figure 7. Ratio of 10-year daily mean (a) irrigation quantity, (b) EIR, (c) larval habitat area, and 571 

(d) malaria prevalence in the irrigation scheme, for intermittent and water saving irrigation 572 

scenarios relative to the flood irrigation scenario. 573 
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3.4 Spatial Influence of Irrigation Strategies and Human-Vector Movement on Malaria 574 

Transmission 575 

Across all irrigation strategies, adult vector density decreased with distance from the 576 

irrigation scheme (Figure 8a-c). Although Malaria prevalence showed a similar spatial decline 577 

(Figure 8d-f), it was modulated by human population density (Figure 1c). At comparable vector 578 

densities, areas with lower population density exhibited higher prevalence, reflecting greater 579 

exposure per individual. Compared to flood irrigation, intermittent irrigation reduced the 580 

extent and intensity of transmission hotspots, which were further reduced in the water saving 581 

irrigation scenario, with effects extending well beyond the immediate farmland. These 582 

strategies curtailed the development of larval habitats, resulting in a more localized distribution 583 

of adult mosquitoes and transmission. 584 

 585 

Figure 8. Spatial distribution of (a)(b)(c) annual adult vector density and (d)(e)(f) annual 586 

prevalence for each irrigation strategy scenario. The irrigated area was demarcated in green. 587 

To examine the effects of human and vector mobility under different irrigation 588 

strategies, EMOD nodes were grouped into four zones based on their distance from the 589 

irrigation scheme: 0 km (irrigation scheme), 0-2.5 km, 2.5-5 km, and 5-7.5 km (Figure S10). In 590 

the low vector dispersal scenario, adult vector density within the irrigation scheme was higher 591 

than in the median (original) setting, with effects diminishing with distance and transitioning to 592 

lower densities in the outer zones (Figure S11a-d). In contrast, the high vector dispersal 593 

scenario produced lower vector density within the irrigation scheme and higher density in more 594 

distant areas. This spatial redistribution was most pronounced under flood irrigation, where 595 

greater larval habitat availability within the irrigation scheme supported larger mosquito 596 
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populations moving between zones. Malaria prevalence followed similar spatial gradients. 597 

Compared to the median setting, the low vector dispersal scenario resulted in higher 598 

prevalence across all zones, whereas the high vector dispersal scenario produced lower 599 

prevalence, with both effects weakened with distance from the irrigation scheme (Figure 9a-d). 600 

Within each zone, the changes in prevalence were greatest under water saving irrigation, 601 

where the limited and uneven distribution of breeding sites made transmission highly 602 

dependent on mosquito movement.  603 

Changes in human movement did not affect adult vector density but altered malaria 604 

prevalence across all zones (Figure 9e-h). Compared to the median setting, the high human 605 

movement scenario resulted in higher malaria prevalence, whereas the low human movement 606 

produced lowered prevalence. Unlike changes in mosquito dispersal, which redistributed 607 

prevalence spatially, changes in human movement produced more spatially uniform responses 608 

across zones. This reflects the ability of human movement to connect populations beyond the 609 

limited flight range of mosquitoes, allowing infections to spread across zones regardless of local 610 

habitat conditions. The influence of human movement on prevalence was greatest under water 611 

saving irrigation, followed by intermittent and flood irrigation (Figure 9e). Under water saving 612 

irrigation, lower transmission intensity increased the influence of infections introduced through 613 

human movement, whereas under flood irrigation, consistently high mosquito-human contact 614 

diminished the relative contribution of movement-driven transmission. 615 

 616 

Figure 9. Ratio of mean annual prevalence relative to original (medium) human movement and 617 

vector dispersal setting by distance from the irrigation scheme for (a-d) varying vector dispersal 618 

scenarios and (e-h) varying human movement scenarios. The ratio was calculated for each 619 

irrigation strategy. 620 
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4 Discussion 621 

4.1 Implications for water management and vector control 622 

Expanding irrigation coverage in Homa Bay from 50% to 100% resulted in a nearly 623 

twofold increase in larval habitat area, with corresponding increases of 76% in EIR and 52% in 624 

malaria prevalence. These findings underscore the public health trade-offs that can accompany 625 

efforts to enhance agricultural resilience and stabilize yields through expanded water access. 626 

However, our results suggest that these impacts can be substantially mitigated by transitioning 627 

from conventional flood irrigation to more efficient water management strategies. Specifically, 628 

applying intermittent irrigation alone reduced habitat and transmission metrics by up to 23%, 629 

while combining it with drip irrigation in the water saving irrigation scenario cut these metrics 630 

by roughly half, ranging from 44% to 55% relative to conventional flooding. These reductions 631 

were most pronounced during the dry season, when irrigation becomes the primary driver of 632 

surface water pooling. Our findings are consistent with prior studies showing that intermittent 633 

irrigation introduces dry intervals that effectively interrupt mosquito breeding (Keiser et al., 634 

2002; Mutero et al., 2000), while drip systems minimize surface water accumulation, thereby 635 

reducing the formation of larval habitats (Assefa et al., 2018; Maisiri et al., 2005). 636 

A key insight from this study is that the timing and spatial distribution of water use 637 

appear to be more influential than the total volume of irrigation applied. Although the staple 638 

crop scenario required the greatest total volume of water, it did not result in the highest 639 

transmission metrics. Total irrigation volume alone may not be the primary driver of malaria 640 

risk; rather, the interaction between irrigation schedules and local hydrology is more important. 641 

For example, since rice cultivation in our model coincided with the long rainy season, when soils 642 

were already saturated, additional irrigation contributed minimally to further habitat 643 

expansion. This indicates that rice production, a critical pillar of food security, can be 644 

implemented in ways that do not necessarily exacerbate malaria risk, particularly when 645 

managed in natural floodplains during the wet season. Conversely, the cash crop scenario 646 

generated higher transmission risk by allocating water to non-flooded zones where habitat 647 

availability remained highly sensitive to irrigation inputs. 648 

The sensitivity of these non-flooded and short-term flooded zones carries important 649 

implications for the practical management of irrigation initiatives. While our results 650 

demonstrate the potential benefits of the water saving irrigation scenario, successful field 651 

implementation of intermittent and drip irrigation requires aligning irrigation schedules with 652 

crop water requirements or soil moisture levels. In many sub-Saharan African contexts, 653 

however, farmers often apply irrigation based on immediate water availability or individual 654 

preference rather than coordinated, real-time crop demands  (Munyaradzi et al., 2022; 655 

Nakawuka et al., 2018; Wanyama et al., 2024). Such ad hoc and poorly timed applications 656 

frequently produce uneven water distribution, leading to localized pooling in flat or poorly 657 

drained areas (Nakawuka et al., 2018). Stagnant water in these zones can sustain vector 658 

breeding and elevate transmission risk. Addressing these challenges requires investments in 659 

farmer training, monitoring tools, and institutional support to strengthen irrigation decision-660 

making and improve water-use efficiency (Mdemu et al., 2020; Stirzaker et al., 2017).  661 
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Ultimately, these insights emphasize the importance of incorporating environmental 662 

management into broader malaria vector control strategies. While current efforts primarily rely 663 

on LLINs and IRS, these tools alone may be insufficient in landscapes where irrigation sustains 664 

year-round transmission (Tusting et al., 2013). Furthermore, the growing threat of insecticide 665 

resistance has renewed the need for complementary approaches (World Health Organization, 666 

2023). Efficient irrigation methods, such as intermittent and drip systems, offer a dual benefit 667 

by supporting agricultural productivity and reducing vector breeding capacity. While challenges 668 

regarding farmer adoption, system infrastructure requirements, and financial accessibility 669 

remain (Nakawuka et al., 2018; Talukdar et al., 2023), aligning agricultural sustainability with 670 

health outcomes will be essential for effective malaria prevention in areas undergoing 671 

agricultural expansion (Keiser et al., 2005). 672 

4.2 Spatial structure of malaria risk in irrigated landscapes 673 

Irrigation strongly structures the spatial patterns of malaria transmission. Our results 674 

show a spatial gradient in both adult vector density and malaria prevalence, with the highest 675 

values near the irrigation scheme and decreasing with distance. Adult vector density declined 676 

relatively uniformly, whereas malaria prevalence showed greater local variability, likely 677 

reflecting differences in human population density. This pattern is consistent with field 678 

observations from the same region (Ondeto et al., 2022; Zhou et al., 2022) and with studies 679 

from other irrigation schemes reporting elevated malaria transmission near irrigated fields. For 680 

example, higher Anopheles density and EIR have been documented in rice and sugarcane 681 

plantations in Ethiopia compared to nearby non-irrigated areas (Haileselassie et al., 2021; Jaleta 682 

et al., 2013). Similarly, a spatiotemporal model of a smallholder irrigation scheme in Malawi 683 

suggested that adult Anopheles densities would likely be higher in households near irrigation 684 

infrastructure and decline exponentially with distance from irrigated areas (Frake et al., 2020). 685 

Different irrigation strategies modified these spatial patterns by altering larval habitat 686 

availability and persistence. In the water saving irrigation scenario, the model shows localized 687 

clusters of higher malaria prevalence within the irrigated area (Figure 8f). This pattern likely 688 

resulted from reduced surface ponding, which limited the formation of breeding habitats and 689 

concentrates larval development in specific parts of the scheme. These conditions have 690 

important implications for vector control. When transmission becomes spatially clustered, 691 

interventions can be more effectively targeted to high-risk areas. In such settings, larval source 692 

management, including larviciding, becomes more feasible because breeding sites are fewer 693 

and spatially concentrated. Targeted indoor residual spraying can also be more efficiently 694 

implemented, as control efforts can be prioritized in areas with higher transmission intensity. In 695 

contrast, flood irrigation generates more widespread habitat distribution, which reduces the 696 

practicality of spatially targeted interventions and increases reliance on area-wide control 697 

approaches. These results highlight that irrigation design can influence not only water use but 698 

also the spatial pattern of malaria risk and the feasibility of targeted control strategies. 699 

At larger spatial scales, mosquito dispersal further shaped the distribution of adult 700 

vector populations between the irrigation scheme and surrounding areas. The low vector 701 

dispersal scenario concentrated mosquitoes within irrigated zones relative to the medium 702 

setting, whereas the high vector dispersal scenario redistributed them into more distant 703 
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locations. The magnitude of these changes depended on the irrigation strategy, which 704 

determined the degree of spatial heterogeneity in habitat availability across the landscape. 705 

Under flood irrigation, dispersal led to larger shifts in vector density across zones, while the 706 

effects were progressively smaller under intermittent and water saving irrigation scenarios. This 707 

pattern reflected the high density of breeding habitats within flood-irrigated areas, which acted 708 

as strong source regions relative to their surroundings. Under the high vector dispersal 709 

scenario, mosquitoes moved from these high-capacity habitats into areas with fewer breeding 710 

opportunities, resulting in more pronounced changes in density. Similar dispersal-driven 711 

redistribution has been observed in a spatial mosquito model where breeding sites differ 712 

substantially in carrying capacity, with higher dispersal leading to depopulation of highly 713 

productive patches (McCormack et al., 2019). 714 

In contrast to the patterns observed for vector density, malaria prevalence responded 715 

more strongly to mosquito dispersal and human movement under water saving irrigation than 716 

under less efficient irrigation strategies. Under flood irrigation, consistently high mosquito 717 

abundance sustained frequent mosquito-human contact, so prevalence remained relatively 718 

stable even when the movement between zones varied. In water saving irrigation scenario, 719 

lower mosquito abundance reduced overall transmission intensity. Under these conditions, 720 

changes in mosquito dispersal or human movement had a greater influence on mosquito-721 

human contact, leading to larger shifts in malaria prevalence across zones. This interpretation is 722 

consistent with a study showing that malaria transmission efficiency is highest in low-intensity 723 

settings and declines nonlinearly with greater exposure to infectious bites (D. L. Smith et al., 724 

2010). 725 

These results highlight the importance of considering movement processes when 726 

evaluating malaria risk in irrigated landscapes. Mosquito dispersal influences how adult vectors 727 

spread from concentrated breeding habitats within irrigation schemes, while human travel can 728 

connect areas with different levels of transmission. The model results suggest that the 729 

epidemiological consequences of these processes depend on the underlying irrigation 730 

environment. Spatially explicit models therefore provide a useful framework for understanding 731 

how habitat distribution and movement processes interact to structure malaria transmission 732 

across irrigated and surrounding areas (Bomblies, 2014; D. L. Smith et al., 2004). 733 

4.3 Limitations 734 

Several simplifying assumptions were made in this study, which may introduce 735 

uncertainty in the model outputs. 736 

First, we used ParFlow-CLM to simulate potential aquatic habitats, which did not 737 

necessarily correspond to habitats that support mosquito larvae. Larval development depends 738 

on additional factors such as water quality, vegetation, and predation, which were not explicitly 739 

represented in our model. To address this, we used field survey data to estimate larval capacity 740 

and constrain larval production within the simulated habitats. However, these capacity values 741 

were assigned based on broad habitat categories (e.g., temporary, semi-permanent, or 742 

permanent) and lacked temporal variability, limiting the model’s ability to capture where and 743 

when larvae are likely to occur within these aquatic areas. Integrating remote sensing products 744 
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with hydrologic simulations could improve the identification of larval habitats by incorporating 745 

environmental information beyond water presence. 746 

Second, irrigation was represented using an idealized scheduling scheme. In ParFlow-747 

CLM, water was applied when soil saturation dropped below a threshold, assuming irrigation 748 

was timed to meet crop water demand. In practice, farmers in the Oluch irrigation scheme 749 

often rely on individual judgment, leading to variability in both timing and application amounts. 750 

This simplification likely resulted in overestimated and overly uniform irrigation patterns. In 751 

addition, the model resolution was too coarse to explicitly represent drip irrigation. We 752 

approximated this by separating irrigated areas into wet and dry pixels, but translating plot-753 

scale wetting patterns to the model grid could still introduce uncertainties (Pool et al., 2021). 754 

Incorporating field-observed irrigation schedules and higher-resolution modeling frameworks 755 

would better capture farmer behavior and the spatial heterogeneity of irrigation practices. 756 

Finally, human and mosquito mobility were simplified. Human movement was 757 

represented using a radiation model based on population and distance, which did not capture 758 

local movement patterns or key drivers such as social behavior and environmental constraints 759 

(Camargo et al., 2019; Riley et al., 2015; Sallah et al., 2017). Mosquito dispersal was modeled as 760 

a random walk and did not account for directional responses toward hosts, breeding sites, or 761 

wind (Gu & Novak, 2009; Huestis et al., 2019). The model also excluded landscape features such 762 

as roads, buildings, and vegetation that could influence the dispersal (Francisco & Watanabe, 763 

2024; Hemme et al., 2010; Hemming-Schroeder et al., 2020). Using data-informed human 764 

mobility (e.g., mobile phone or survey data) and more realistic mosquito movement models 765 

that incorporate behavioral responses and environmental drivers (Cummins et al., 2012) would 766 

improve the representation of spatial transmission patterns. 767 

5 Conclusions 768 

This study evaluates the effects of cropping practices, irrigation strategies, and human 769 

and mosquito mobility on malaria transmission in an irrigation scheme in western Kenya. By 770 

linking hydrological processes with disease dynamics, it provides a mechanistic understanding 771 

of the role of agricultural water management in shaping vector habitats and transmission risk. 772 

Our results show that improving irrigation practices reduced mosquito habitat 773 

availability, EIR, and malaria prevalence by limiting surface water accumulation. It also led to 774 

more spatially concentrated transmission, making targeted vector control more practical. 775 

Under these conditions, mobility posed a greater influence on malaria prevalence, as local 776 

reductions in breeding habitats increased the relative importance of mosquito dispersal and 777 

human movement in transmission patterns. 778 

Across cropping scenarios, water intensive crops such as rice did not result in higher 779 

malaria transmission than less water intensive alternatives. This indicates that irrigation volume 780 

alone does not drive vector proliferation; rather, the timing and spatial distribution of water 781 

use play a more important role in determining conditions that support mosquito development. 782 

This suggests that rice production can support food security without necessarily increasing 783 

malaria transmission. 784 
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As irrigation expands across sub-Saharan Africa, managing its unintended health impacts 785 

becomes increasingly important. This study highlights the need to better align agricultural 786 

water management with malaria control by accounting for how irrigation design influences 787 

vector ecology and transmission dynamics. Future work should focus on validating these results 788 

with field observations, exploring a broader range of cropping and irrigation configurations, and 789 

integrating socio-economic factors that influence farmer decision-making. Such efforts are 790 

essential for developing irrigation systems that support both food production and public health.  791 
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