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Data collection in the Ethiopian Highlands: 6 

Comprehensive multi-year field campaigns were conducted at two villages in the Ethiopian Highlands; Ejersa 7 

(N8°27’; E39°04’) and Gudedo (N8°33’; E39°12’). The malaria transmission model used in this study was 8 

developed mainly based on data collected from Ejersa, where the assumption used in this study about abundant 9 

vector breeding sites (or, non-limiting rainfall conditions) is evident.  10 

The annual incidence rate in Ejersa is about 91.2 [cases/1000 persons/year] 36 of which two-thirds are caused 11 

by P. falciparum and one third by P. vivax. The major vectors present at Ejersa are An. arabiensis, An. pharoensis, 12 

An. funestus, and An. Coustani36,37.  13 

Like most of the Ethiopian Highlands, Ejersa has three seasons: the main rainy season from mid-June to mid-14 

September, the secondary rainy season from March to May, and the dry season for the rest of the year. The annual 15 

rainfall is around 600-880 mm, with significant inter-annual variability. The temperature is slightly lower in the 16 

rainy season than in the dry season. 17 

The field campaigns were conducted from July 2012 through April 2015. Meteorological and entomological 18 

data were collected during this period, unless otherwise stated. In addition, monthly malaria clinical data were 19 

obtained at the local clinic at the Dungugi-Bekele kebele, and the daily water levels of the Koka Reservoir 20 

(Supplementary Fig. 2d) were provided by the Ethiopian Electric Power Corporation. Meteorological and 21 

environmental data are shown in Supplementary Fig. 2. 22 

 23 

(I) Meteorology and Hydrology 24 

Precipitation, temperature, relative humidity, incoming shortwave radiation, wind speed, and wind 25 

direction were measured every 30 minutes at a meteorological station. Observed daily temperature, 26 

humidity, and rainfall are shown in Supplementary Fig. 2, a-c. In addition, two sets of hydrological 27 



conditions – soil moisture and groundwater table (GWT) – were measured both at the meteorological 28 

station (MS) and the soil moisture station (SMS) (Fig. 1b, main text). Soil moisture was recorded at three 29 

depths: 15, 30, and 100 cm from the surface. Meteorological and soil moisture data were recorded using a 30 

Campbell Scientific CR1000 at the MS. Soil moisture at the SMS was recorded using a Campbell Scientific 31 

CR200. The groundwater levels were measured using HOBO U20 Water Level Loggers at both sites. The 32 

measurement of soil moisture was taken only for about 13 months from August 2013. 33 

 34 

(II) Adult Mosquito Abundance 35 

Adult mosquito abundance was monitored at six locations using Center for Disease Control (CDC) 36 

miniature light traps. The locations of the light trap houses (LTHs) are shown in Fig. 1b (main text). Three 37 

traps were deployed indoors and the other three were placed outdoors on the house walls. The criteria for 38 

selecting light trap locations were: no use of electricity, no light outside, and no smoking (as much as 39 

possible), because these factors either attract or repel mosquitoes. 40 

The sampling of mosquitoes was conducted weekly from June to December, following the main rainy 41 

season, when the mosquito populations are large; and biweekly for the other months, when the mosquito 42 

population is small. The light traps were operated from 6 pm to 6 am, when mosquitoes are active. The 43 

light traps were powered by freshly charged 6V-6Amp spillable lead acid batteries. We experienced 44 

cessation of the data collection on adult abundance for short periods due to logistical issues. 45 

The mosquitoes collected were classified at the genus level (i.e., Anopheles or Culex) using the naked eye 46 

by trained local assistants; Anopheles mosquitoes were further classified by gender. The numbers of 47 

captured mosquito populations were reported for each LTH. 48 

 49 

The data collected in our field surveys are used to develop and test a mechanistic model of malaria transmission, as 50 

described below.  51 

 52 

 53 

Malaria transmission model:  54 



We use a detailed field-tested mechanistic model of malaria transmission at the village scale, Hydrology 55 

Entomology and Malaria Transmission Simulator (HYDREMATS)25,26. HYDREMATS features one of the most 56 

detailed mechanistic structures, with coupled hydrology and entomology25,26,38. It has explicit representation of water 57 

bodies, in time and space, based on local hydrology, i.e., rainfall, evaporation, infiltration, topography, and surface 58 

runoff. Its entomology model employs an agent-based structure, which simulates each individual mosquito's 59 

behavior with physically-based decision rules to determine the mosquito population dynamics. The spatially-explicit 60 

approach of HYDREMATS allows for the estimation of Ro accurately with minimal assumptions, which presents a 61 

significant advantage over the conventional Ross-MacDonald formula6,39.  The primary forcings for the model 62 

include temperature, rainfall, relative humidity, wind profile, topography, spatial distribution of dwellings.  63 

HYDREMATS has been developed and tested against observations extensively over the last decade. The 64 

original model was developed for West Africa, and tested against multi-year observational data of hydrology and 65 

entomology from two villages in Niger25,26. Detailed descriptions can be found in Bomblies et al. 25,26 The model has 66 

since been updated by Yamana et al. to incorporate the effect of humidity40, using the observational data from the 67 

two villages in Niger; and also the effect of human immunity41, testing against multitudinous observational datasets 68 

over West Africa33. The supplementary material in the recent paper by Yamana et al. 33 includes extensive 69 

documentation of the model and extensive tests of the model against field observations. Having a comprehensive 70 

representation of the physics and biology concerning malaria transmission, and being tested extensively against 71 

observations of various datasets and of various locations, HYDREMATS serves as a most credible malaria 72 

transmission simulator to date. For the purposes of reproducing our results by the reviewers or others, the model and 73 

observational data are available upon request from the authors. 74 

 75 

In order to test HYDREMATS, and illustrate its validity for simulating processes in this region, a numerical 76 

simulation was conducted from January 2012 through April 2015. January to June 2012 was used as a spin-up 77 

period. The simulation results are compared against observations. 78 

The primary output of the hydrology module is the location and the depth of surface water pools. The output is 79 

recorded every hour, so that the persistence of pools can also be found. The spatial and temporal information of 80 

pools is then used as an input for the malaria transmission model. We calibrated the hydrology model using in situ 81 

GWT data (Supplementary Fig. 3) and soil moisture data (Supplementary Fig. 4).  82 



Simulated groundwater levels (Supplementary Fig. 3a) were compared with the observations (Supplementary 83 

Fig. 3b) for the period from August 2013 through August 2014. The measurement was taken at the MS and the 84 

SMS, which are approximately 100m and 500m away, respectively, from the shoreline at the highest observed water 85 

level. The performance of the hydrology model was further verified comparing the simulated time series of soil 86 

moisture (Supplementary Fig. 4Aa, Ba) and the observed values (Supplementary Fig. 4Ab, Bb). Supplementary Fig. 87 

4 shows the one-year profile of the observed and simulated volumetric water saturation (VWS) value of the soil 88 

columns at the SMS (left panels, A) and at the MS (right panels, B). The data presented start from July 2012, which 89 

coincides with the beginning of the main rainy season. Simulated and observed VMS responded to rainfall events. 90 

Vertical profiles of VWS are shown in Supplementary Fig. 4Ac, Bc for the SMS and the MS, respectively. 91 

The main outputs of the entomology module are the Anopheles population and malaria incidence. Simulated 92 

adult Anopheles population and malaria incidence were compared with respective field observational data in 93 

Supplementary Fig. 5a, b. The simulated Anopheles population is presented in Supplementary Fig. 5a and compared 94 

with the observed adult abundance data. The simulated Anopheles population (solid blue line with values on the left) 95 

is the number of Anopheles simulated to be present in the entire simulation domain (red square in Fig. 1b, main 96 

text). The observed Anopheles population (orange asterisks with values on the right) is the total number of 97 

Anopheles captured in the six light traps (yellow circle with cross in Fig. 1b, main text). Although the observed 98 

values do not manifest the size of the Anopheles population within the simulation domain, they represent the 99 

dynamics of the Anopheles population in the target domain. The size of the Anopheles population was validated by 100 

comparing the number of Anopheles captured in each light trap in observation and the number of Anopheles visiting 101 

the grid that contains the corresponding light trap in simulation, considering the efficiency of the light traps36. The 102 

simulated dynamics of the Anopheles population compares well with the observed population dynamics. 103 

The simulated monthly malaria incidence is shown in Supplementary Fig. 5b (solid blue line) and compared with the 104 

observed malaria incidence (dotted red line). The observational data that we used do not distinguish P.f. infections 105 

and P.v. infections. Thus, simulated total infections (summation of P.f. infections and P.v. infections) were 106 

compared with the observational values. The simulated total infections compare well with observation for 2012, 107 

both in terms of magnitude and dynamics. The simulated vales for 2013 differ significantly from observed values. 108 

This could be due to stochastic variation. The longer-term average (Jul. 2008 - Apr. 2014) of observational malaria 109 



infection data demonstrates that malaria transmission peaks twice within a year in June and October (data not 110 

shown). This trend is generally reproduced well in the model.   111 

 112 

Dynamic Downscaling of Future Climate Projections from CMIP5 GCMs using MIT-Regional Climate 113 

Model (MRCM): 114 

 Our approach integrates dynamically-downscaled projections of future climate for estimating malaria transmission. 115 

Future (2070-2100) temperature over the Ethiopian Highlands was projected using a regional climate model, MIT 116 

Regional Climate Model (MRCM) 23,24, through regional dynamical downscaling over East Africa and rigorous 117 

selection of global circulation models (GCMs)  (Fig. 1a, Supplementary Fig. 8). At topographically diverse regions, 118 

such as the Ethiopian Highlands, climate prediction benefits significantly from dynamic downscaling.  119 

Dynamic downscaling of climate projections uses GCM outputs as boundary conditions for simulations by a 120 

regional climate model.  A version of MRCM recently developed for East Africa includes new parameterizations of 121 

large scale cloud and rainfall, which significantly improved the simulation of hydrology, clouds coverage, and 122 

radiation at the surface under current climate conditions22. The model was forced with modified lateral boundary 123 

conditions and greenhouse gas concentrations that describe future conditions using RCP8.5 scenario for the future 124 

period (2070-2100). These boundary conditions are based on simulations from a select group of GCMs (Global 125 

Climate Models) that participated in CMIP5 (Coupled Model Inter-comparison Project Phase 5). The most reliable 126 

GCMs over East Africa were selected by rigorously comparing the GCM simulations of past climate with observed 127 

climate conditions24. CCSM4 and BCC-CSM1-1M were identified to be the best GCMs for this region, simulating 128 

most accurately the teleconnection between the Nile and ENSO and the annual cycle of rainfall over the Eastern 129 

Nile basin. Both GCMs also have the highest spatial resolution among those used in CMIP5.  130 

Based on future climate simulations by the selected two GCSs, boundary conditions were specified for use by 131 

MRCM. The MRCM’s modified lateral boundary conditions include humidity, air temperature, and sea surface 132 

temperature (SST). These boundary conditions were estimated by adding to observed atmospheric variables the 133 

corresponding changes in humidity, air temperature, and SST as projected by the two GCMs between the period 134 

1970-2000 and 2070-2100 under RCP8.5. ERA-Interim reanalysis was used to provide observational values of 135 

humidity and air temperature. Observational values of SST were provided by the National Oceanic and Atmospheric 136 

Administration (NOAA) Optimum Interpolation (OISST). 137 



The future climate projections show a significant increase in temperature (around +4 °C) with some seasonal 138 

and spatial variability, but only a minor change in rainfall. (For example, over the Upper Blue Nile basin, rainfall is 139 

expected to increase in the future (2070-2100) by 8% compared to the past period (1970-2000)). The future 140 

temperature distribution was estimated by adding the expected change from MRCM to the observed current annual 141 

temperature from MODIS (Supplementary Fig. 8). 142 

 143 

 144 

Supplementary Discussion 145 

 146 

Comparison of the estimated Ro for P.f. malaria and the MAP estimates of P.f. parasite rate: 147 

The patterns of the estimated Ro for P.f. malaria (Fig. 2c, main text) were compared with those of the  P.f. parasite 148 

rate (PR) in children two to ten years old for years 2000-2015 (Fig. 2d, main text). The estimates of PR were 149 

obtained from the Malaria Atlas Project16, which provides modeled PR yet reflecting the most comprehensive PR 150 

survey results to date. The spatial patterns of the malaria transmission intensity were reproduced to a large degree 151 

over the Ethiopian Highlands, confirming that the distribution of malaria transmission within this region is dictated 152 

to a large degree by temperature distribution.  153 

Our estimate of Ro does not incorporate spatial variability of rainfall or population density over the Highlands. 154 

Our estimates were made using the respective annual temperatures with all other conditions assumed similar to 155 

Ejersa. As a result, there are some noticeable discrepancies. The low parasite rate in the northeast of Ethiopia can be 156 

explained by the lack rainfall and low population density6.  Similarly, the high parasite rate in the northwest can be 157 

accounted for by a larger rainfall and relatively large population density.  158 

 159 

Uncertainties of analysis regarding intra-annual variability of temperature: 160 

Uncertainty of this analysis arises from the assumption of uniform temperature rise throughout a year. The 161 

magnitude of the projected temperature rise varies from month to month.  Temperature in some months is more 162 

important than others for malaria transmission dynamics. In order to explore the impact of these uncertainties, we 163 

repeated the analysis using the projected minimum and maximum monthly temperature increases as the uniform 164 

annual temperature increase (minimum- and maximum-risk scenario, respectively). In this way, the impact of 165 



temperature change in the months that is most important for malaria transmission dynamics can be evaluated. The 166 

corresponding results are shown for P.f. malaria in Supplementary Fig. 11a, b and are summarized in Table 1 (for 167 

P.v. malaria, see Supplementary Fig.11c, d, and Supplementary Table 1). As compared to the maximum-risk 168 

scenario, the minimum-risk scenario shrinks the area of the high-risk area for P.f. malaria by around 3.6% (11.5 % 169 

instead of 15.1%), while the corresponding population in 2100 decreases by around 6.6% (28.1% instead of 34.7%). 170 

These differences quantify the uncertainty in our results due to our assumptions about temperature.  171 

 172 

The seasonality of temperature may change with climate change. Although this is another source of uncertainty, it is 173 

reasonable to assume that the trend of the change in the seasonality is similar within regions clarified in 174 

Supplementary Fig. 6. Thus applying the same classifications to future climate is reasonable. Aside from the spatial 175 

aspect, however, the temporal change of temperature seasonality within the regions is not addressed in this study.  176 

 177 

Risk map for P.v. malaria: 178 

The risk maps for P.v. malaria were created based on the curve shown in Fig. 7 and presented in 179 

Supplementary Fig.12. Those for the lowest-risk scenario and the highest-risk scenario are presented in 180 

Supplementary Fig. 11c and d, respectively, and the corresponding population and areas impacted are presented in 181 

Supplementary Table 1. As compared to P.f., P.v. requires smaller temperature sum for the extrinsic incubation 182 

period, making transmission easier to occur; however, generally lower parasite load of P.v. makes transmission less 183 

likely to occur at the same time. As a result, this study simulated Ro for P.v. comparable to that of P.f. at low 184 

temperatures of less than 23℃. Because this range is critical in defining the high-risk area, calculated high-risk 185 

population and the corresponding are for P.v. were similar to those for P.f. Beyond 23℃ up to 28℃, however, Ro 186 

increases with temperature more rapidly for P.v. than P.f. This rapid increase of Ro indicates that exacerbation of 187 

malaria in the endemic area in future climate is more severe for P.v. than P.f. 188 

 189 

 190 
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 280 

Supplementary Fig. 1. Temperature and rainfall distributions over the Ethiopian Highlands.  281 

(a) Observed current (2006-2010) annual temperature [°C] obtained from the moderate-resolution imaging 282 

spectrometer (MODIS). Mean air temperature was obtained from daytime and nighttime land surface temperatures 283 

following Zhang et al. 22 (b) Observed current (2006-2010) annual rainfall [mm/yr] obtained from the Tropical 284 

Rainfall Measuring Mission (TRMM). Most of the populated highland areas receive annual rainfall of more than 285 

800m. 286 

 (c) Elevation [masl (meter above sea level)] obtained from GTOPO30. Temperature and rainfall data are shown for 287 

the populated highland regions where population density is greater than 50/km2. Non-populous areas (gray) 288 

correspond well with lowland areas; the contour lines of elevation equal to 1200m are shown in purple.  289 

 290 

 291 



 292 

Supplementary Fig. 2. Meteorological and reservoir data at Ejersa. 293 

(a) Daily temperature [°C]. (b) Daily relative humidity [%]. (c) Daily rainfall [mm/d]. (d) Koka Reservoir water 294 

levels [m]. Data for 2012, 2013, and 2014 are shown in blue, red, and green, respectively. Temperature, humidity, 295 

and rainfall data from the in situ weather station are available only after June 15, 2012. 296 

 297 

  298 



 299 

Supplementary Fig. 3. Observed and simulated water levels. 300 

Observed (a) and simulated (b) reservoir water levels (blue), groundwater table (GWT) at the Soil Moisture Station 301 

(SMS) (red), and GWT at the Meteorological Station (MS) (green) in meters above sea level [masl]. The observed 302 

reservoir water levels were used as model forcing. The time period shown is about 13 months starting in August 303 

2013.  304 

 305 



 306 

Supplementary Fig. 4. Observed and simulated soil moisture. 307 

Observed (a, b) and simulated (c-f) Volumetric Water Saturation (VWS) for the SMS (left panels; a, c, and e) and 308 

the MS (right panels; b, d, and f). Time series of the observed (a, b) and simulated (c, d) VWS are shown at 15cm 309 

(red), 30cm (green), and 100cm (blue) below the surface. Data are shown from the beginning of the main rainy 310 

season in July 2012 for one year. Vertical profiles of simulated VWS (e, f) are shown for July through November 311 

2012. VWS equal to one indicates that the area is saturated, being submerged in the groundwater. 312 

 313 

 314 

 315 



 316 

Supplementary Fig. 5. Simulated and observed Anopheles population and malaria infection. 317 

(a) The total number of Anopheles population simulated in the domain is shown by a solid blue line with values shown 318 

on the left y-axis. The observed number of Anopheles captured in the six light trap houses is shown in orange asterisks; 319 

the values are shown on the right y-axis. (b) Simulated monthly malaria infection (total of P.f. infection and P.v. 320 

infection) is shown in a solid red line. The observed malaria incidence data are shown in red dotted line. The periods 321 

with no available observation are shaded in gray. 322 



 323 

Supplementary Fig. 6. Seasonality of temperature over the Ethiopian Highlands.  324 

(a) Removed-mean monthly temperature series for the 13 major cities in Ethiopia and Ejersa. Colors indicate the 14 325 

sites. Monthly temperature data were obtained from MODIS and averaged through 2006-2010. (b) Best-fitting 326 

locations among the 14 sites in terms of temperature seasonality. For every location in the Ethiopian Highlands, the 327 

site where temperature seasonality matches the most among the 14 sites are presented. 328 

  329 



 330 

Supplementary Fig. 7. Estimated Ro values as a function of annual temperature and rainy season temperature 331 

for Ejersa.  332 

Values of Ro for P.f. malaria (blue) and for P.v. malaria (green) were estimated as a function of annual temperature 333 

(bottom x-axis) and rainy season temperature (top x-axis) for Ejersa using the field observational data. In Ejersa, 334 

highest malaria transmission potential is expected at annual temperature around 28°C or rainy season temperature 335 

around 26.5°C. In Ejersa, rainy season approximates the main malaria transmission season. The shape and the peak 336 

of the curves compare well with the ‘transmission season temperature’— Ro curve presented by Mordecai et al,27 337 

when curves were read in terms of rainy season temperature. The calculated Ro estimates for different annual 338 

temperatures (dots) were fitted with a Two-Term Gaussian Model in MATLAB (thick lines). 339 

 340 

 341 
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 343 

Supplementary Fig. 8. Current and future annual temperature over Ethiopia. 344 

(a) Observed current (2006-2010) annual temperature obtained from the moderate-resolution imaging spectrometer 345 

(MODIS). (b) Future (2070-2100) annual temperature (estimated by adding the predicted future temperature change 346 

(c) to the observed current temperature (a).  (c) Difference between the current and future temperature values 347 

predicted in a regional climate model, MRCM, under the RCP8.5 scenario.  348 

 349 

 350 

 351 

Supplementary Fig. 9. Monthly temperature changes over Ethiopia. 352 

The differences between the current (2006-2010) and future (2070-2100) monthly temperatures simulated under the 353 

RCP8.5 scenario in MRCM are shown for January to December (A to L).  354 

 355 

  356 



 357 

 358 

Supplementary Fig. 10. Minimum and maximum monthly temperature change over Ethiopia. 359 

Monthly temperatures for current (2006-2010) and future (2070-2100) climate were compared. The estimates were 360 

made under the RCP8.5 scenario in MRCM. The months when the difference is the smallest (C) and the 361 

corresponding values (A) are presented. Similarly, the months that expect the largest change (D) and the 362 

corresponding values (B) are shown. 363 

 364 



 365 

Supplementary Fig. 11. Risk map for P.f. and P.v. malaria over the Ethiopian Highlands.   366 

The risk maps for P.f. malaria (a, b) and P.v. malaria (c, d), corresponding to the lowest-risk scenario (a, c) and the 367 

highest-risk scenario (b, d). The lowest-risk and the highest-risk scenarios use minimum monthly temperature and 368 

maximum monthly temperature, respectively, as a potential annual temperature increases. The field in blue indicates 369 

low-risk areas, where Ro remains below one in the future. The field in red is high-risk areas, where Ro is currently 370 

below one but will exceed one in the future. Endemic areas are shown in green, where Ro remains above one in the 371 

future. The non-populous areas and the population there (population density < 50/km2) are shown in gray.  372 
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 374 

Supplementary Fig. 12. Risk map for P.v. malaria over the Ethiopian Highlands and affected population.  375 

The regions (a) and the affected fraction of population (b) in low-risk, high-risk, and endemic areas are shown in 376 

blue, red, and green, respectively. The non-populous areas (population density < 50/km2) and the population there 377 

are shown in gray. Historical epidemic locations28 are also overlaid in red circles. The analysis was conducted for 378 

future (2070-2100) climate under the RCP8.5 and SSP5 scenarios. 379 
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Supplementary Table 1. Population and area in each category of the risk map for P.v. malaria.  381 

The absolute and relative distributions of the risk areas within the national total are shown. The estimates outside the 382 

brackets are based on annual temperature increase.  The estimates inside the brackets are made with the minimum 383 

and maximum monthly temperature increases, respectively. Population estimates for year 2010 and 2100 were 384 

obtained for the RCP8.5 and SSP5 scenarios29. Detail may not sum up to totals because of rounding. 385 

P.v. Population, 2010 Population, 2100 Area 

million % million % 1000 km2 % 

Populous 

highland 

area 

Low-risk 

area 

25 

[30; 22] 

31 

[36; 27] 

41 

[46; 39] 

41 

[45; 38] 

113 

[139; 96] 

10 

[13; 9] 

High-risk 

area 

28 

[23; 31] 

34 

[29; 38] 

32 

[28; 35] 

32 

[27; 34] 

154 

[129; 171] 

14 

[12; 15] 

Endemic 

area 

19 

[19; 19] 

23 

[23; 23] 

23 

[23; 23] 

23 

[23; 23] 

123 

[123; 123] 

11 

[11; 11] 

Non-

populous 
lowland 

area 

 10 12 4 4 714 65 

Total  82 100 101 100 1104 100 
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