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1

Abstract

2

Extrinsic environmental factors influence the spatio-temporal dynamics of many organisms,

3

including insects that transmit the pathogens responsible for vector-borne diseases (VBDs).

4

Temperature is an especially important constraint on the fitness of a wide variety of insects, as

5

they are primarily ectotherms. Temperature constrains the distribution of ectotherms and

6

therefore of the infections that they spread in both space and time. More concretely, a mechanistic

7

understanding of how temperature impacts traits of ectotherms to predict the distribution of

8

ectotherms and vector-borne infections is key to predicting the consequences of climate change

9

on transmission of VBDs like malaria. However, the response of transmission to temperature and

10

other drivers is complex, as thermal traits of ectotherms are typically non-linear, and they interact

11

to determine transmission constraints. In this study, we assess and compare the effect of

12

temperature on the transmission of two malaria parasites, Plasmodium falciparum and

13

Plasmodium vivax, by two malaria vector species, Anopheles gambiae and Anopheles stephensi.

14

We model the non-linear responses of temperature dependent mosquito and parasite traits

15

(mosquito development rate, bite rate, fecundity, egg to adult survival, vector competence,

16

mortality rate, and parasite development rate) and incorporate these traits into a suitability metric

17

based on a model for the basic reproductive number across temperatures. Our model predicts that

18

the optimum temperature for transmission suitability is similar for the four mosquito-parasite

19

combinations assessed in this study. The main differences are found at the thermal limits. More

20

specifically, we found significant differences in the upper thermal limit between parasites spread

21

by the same mosquito (An. stephensi) and between mosquitoes carrying P. falciparum. In

22

contrast, at the lower thermal limit the significant differences were primarily between the

23

mosquito species that both carried the same pathogen (e.g., An. stephensi and An. gambiae both

24

with P. falciparum). Using prevalence data from Africa and Asia, we show that the transmission

25

suitability metric S(T ) calculated from our mechanistic model is an important predictor of

26

malaria prevalence. We mapped risk to illustrate the areas in Africa and Asia that are suitable for
2
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27

malaria transmission year-round based temperature.

28

Key words: Malaria; vector-borne diseases; basic reproductive number; mosquito life history;

29

thermal performance curve; Plasmodium falciparum; Plasmodium vivax; Africa; Asia.

30

1 Introduction

31

The physiological processes of many organisms, especially ectotherms, are highly constrained by

32

ambient temperature. In ectotherms, including many insects, body temperatures fluctuate with

33

ambient temperatures. In turn, the rates of most of their biological and biochemical processes

34

shift with temperature, impacting ectotherms fitness (e.g., development rate, survival) (Abram

35

et al., 2017; Kern et al., 2015). Thus temperature contributes to the observed dynamics and

36

distribution of populations of ectotherms.

37

Predicting impact of temperature on both the dynamics and distribution of these ectotherms now

38

and in the future requires a detailed understanding of the relationship between temperature and

39

performance (Cator et al., 2020). However, experiments can be challenging. Thus much of the

40

best available data are on insects, as they are small, relatively easy to handle, and have short

41

generation times. Further, many insects, such as mosquitoes, are also of public health importance,

42

and as such are well studied. Thus, mosquitoes are a convenient model to investigate the effects of

43

temperature on ectotherms. Further, some of the parasites transmitted by mosquitoes are also

44

ectothermic, allowing the exploration of the impact of temperature on linked systems.

45

In this paper we explore how temperature impacts the transmission of malaria by Anopheles

46

mosquitoes. Malaria, a deadly mosquito-borne disease, is present on five of the world’s seven

47

continents (excluding Australia and Antarctica) (Sinka et al., 2011, 2010, 2012). The World

48

Health Organization reported an estimated 219 million cases of malaria in 91 countries in 2017,

49

an increase of 1.1% over the previous year (World Health Organization, 2018). Of these cases,

3
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50

435,000 resulted in death. The African region accounts for about 91.5% of malaria cases and

51

mortality, followed by South-East Asian region with 5.1% of cases; the other 3.4% of cases occur

52

in the Eastern Mediterranean Region and the Americas (World Health Organization, 2018).

53

Despite intensive control efforts against malaria for more than a decade, malaria endemicity

54

remains high in much of the world, with high morbidity and mortality, especially in children

55

under 5 years of age (Tizifa et al., 2018).

56

The Plasmodium parasites that cause malaria are spread by Anopheles mosquitoes. Of the 430

57

Anopheles species, around 30 can transmit malaria. Anopheles gambiae is the main malaria

58

vector in Africa (Geissbühler et al., 2007), while An. stephensi is an important vector in southern

59

and western Asia (Sinka et al., 2012). Only five of the more than 100 Plasmodium species cause

60

malaria in humans: Plasmodium falciparum, P. vivax, P. malariae, P. ovale, and P. knowlesi. Of

61

these P. falciparum and P. vivax are the most common of the Plasmodium species that cause

62

malaria in humans (Snow et al., 2005). P. falciparum is responsible for approximately 92% of the

63

recorded malaria cases worldwide, P. vivax is responsible for 4% of malaria cases worldwide, and

64

the other three Plasmodium parasites are responsible for the other 4% of malaria cases worldwide

65

(World Health Organization, 2008). 99.7% of the malaria cases in Africa are caused by

66

P. falciparum. In contrast, South-East Asia has a combination of types, with ∼63% of cases

67

caused by P. falciparum and ∼37% by P. vivax (World Health Organization, 2018).

68

Both Anopheles mosquitoes and the malaria parasites they vector are ectothermic organisms

69

(Beck-Johnson et al., 2017; Clements, 2013; Fang and McCutchan, 2002; Lahondère and Lazzari,

70

2012). Thus the fitness of mosquitoes (e.g., survival, development time), and malaria parasite

71

(e.g., incubation period) are highly temperature sensitive (Paaijmans and Thomas, 2011; Sinclair

72

et al., 2016). Further, we expect interactions between the parasites and their vectors that may also

73

be mediated by temperature. Therefore, when and where malaria will be transmitted will be

74

constrained by environmental temperatures.

75

In this study, we use a mechanistic model to determine the impact of temperature on a suitability
4
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76

metric, S(T ), that is based on the reproductive number (R0 ). We aggregated available data from

77

the literature on the thermal responses of mosquito and parasite traits (e.g., mosquito and parasite

78

development rates) measured across multiple constant temperatures. We fit the thermal response

79

of each component of S(T ) independently to these data using a Bayesian approach (Johnson

80

et al., 2015). We then incorporated the posterior distribution of each component trait into S(T ).

81

We validated these models using data on malaria prevalence in Africa and Asia. The validated

82

models allow us to predict thermal suitability for the transmission of P. falciparum and P. vivax by

83

An. stephensi and An. gambiae in space. This is followed by a discussion of how the approach

84

taken compares to other studies and the implications of the results.

85

2 Materials and Methods

86

2.1

87

We collected published data from the literature on the thermal responses of the following

88

mosquito traits for nine mosquito species of the Anopheles genus that can transmit malaria: bite

89

rate (a), mosquito development rate (MDR), proportion of eggs to adulthood (pEA ), fecundity in

90

eggs per female per day (EFD), and mosquito mortality rate (µ). We also collected published data

91

on the thermal response of the parasite development rate (PDR) for five malaria parasites and on

92

vector competence (bc) for all vector/parasite pairs that were available (See SM; Appendix A1).

93

Although malaria is one of the best studied vector-borne diseases, the entire suite of temperature

94

dependent mosquito, parasite, and interaction traits for the mosquito-parasite systems is only

95

available for An. stephensi with P. falciparum. In other cases data are nearly complete. For

96

example, An. stephensi with P. vivax is missing only vector competence (see SM; Appendix A1).

97

Others have moderate gaps. An. gambaie is missing data for bite rate, parasite development rate

98

with P. vivax, and vector competence (with either P. falciparum or P. vivax). For other mosquito

Thermal Trait Data
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99

species more than two thermal traits were absent. Thus we focus our analysis on An. stephensi

100

and An. gambiae as these are the most complete (See SM; Appendix A1). Since even these sets

101

have data gaps in thermal traits, where there is a gap we use traits data available from the closest

102

related species based on similar biologic and ecological characteristics (see SM; Appendix A2).

103

2.2

104

Mathematical models of disease systems often use R0 , the basic reproductive number, as a

105

measure of disease transmissibility (Holme and Masuda, 2015). This basic reproductive number

106

gives the average number of secondary cases that one infected individual generates during an

107

infectious period in a susceptible population. The most common parameterizations of R0 for

108

vector-borne infections are based on the Ross-MacDonald model of malaria transmission (Dietz,

109

1993). Here we specifically use a formulation that incorporates multiple mosquito traits to

110

approximate the mosquito population size (Johnson et al., 2015; Mordecai et al., 2019, 2017,

111

2013), that is we assume R0 is given by:

Modeling the temperature dependence of suitability


R0 (T ) =

a(T )2 bc(T )e−µ(T )/P DR(T ) EF D(T )PEA (T )M DR(T )
N rµ(T )3

 12
(1)

112

where a is the mosquito biting rate; bc is vector competence; µ is the mosquito mortality rate;

113

P DR is the parasite development rate; EF D is the mosquito fecundity expressed as the number

114

of eggs per female per day; PEA is the proportion of eggs to adulthood; M DR is the mosquito

115

development rate; N is the density of humans or hosts; and r is the human recovery rate. Because

116

we are interested in the shape of the thermal response only, we define a suitability metric, S(T ),

117

that only incorporates the temperature dependent components, that is:

S(T ) =

a(T )2 bc(T )e−µ(T )/P DR(T ) EF D(T )PEA (T )M DR(T )
µ(T )3

6

 21
(2)
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118

Most thermal traits of ectotherms exhibit unimodal responses (Colinet et al., 2015; Mordecai

119

et al., 2019). Thus we assume that all of the components of S(T ) are temperature dependent. For

120

each of these individual traits (e.g., bite rate) for each mosquito species we fit one of three kinds

121

of unimodal thermal response. For asymmetric responses like M DR, a, and P DR we fit a Briére

122

function:
1

fB (T ) = (cT (T − T0 ))(Tm − T )) 2 ,

(3)

123

where T0 is the lower thermal limit (where the response becomes zero), Tm is the upper thermal

124

limit, and c is a constant that determines the curvature at the optimum. Formally we assume a

125

piecewise continuous function, so that the thermal trait is assumed to be zero if T < T0 or

126

T > Tm . Symmetric responses come in two flavors: concave down or concave up. For

127

concave-down symmetric responses like bc, PEA , and EF D, we fit a quadratic function

128

parameterized in terms of the temperature intercepts,

fq (T ) = a(T − T0 )(T − Tm ),

(4)

129

where T0 is the lower thermal limit, Tm is the upper thermal limit, and a is a constant that

130

determines the curvature at the optimum. As with the Briére function we assume the trait is

131

piecewise zero above and below the thermal limits. For concave-up symmetric responses like µ,

132

we fit a concave-up quadratic function

fqu (T ) = aT 2 − bT + c

(5)

133

where a, b, and c are the standard quadratic parameters. Note that because all traits must be ≥ 0

134

we also truncate this function, creating a piecewise continuous function where fqu is set to zero if

135

the quadratic evaluates to a negative value.

7
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2.2.1 Bayesian Fitting of Thermal Traits

137

We fit each unimodal thermal response for all traits for each mosquito species (An. stephensi and

138

An. gambiae) or parasite strain (P. falciparum and P. vivax) with a Bayesian approach using the

139

JAGS/rjags package (Plummer, 2016) in R (R Development Core Team, 2017). We defined an

140

appropriate likelihood for each trait (e.g., binomial likelihoods for proportion data, truncated

141

normal for continuous numeric traits) with the mean defined by the either a Briére function (for

142

asymmetric relationships) or quadratic (symmetric relationships). For all traits we chose relatively

143

uninformative priors that limit each parameter to its biologically realistic range. More specifically,

144

we assumed that temperatures below 0◦ C and above 45◦ C are lethal for both mosquitoes and

145

malaria parasites (Lyons et al., 2012; Mordecai et al., 2017). Based on these assumptions we set

146

uniform priors for the minimum temperature (T0 ) between 0 – 24◦ C and for the the maximum

147

temperature (Tm ) between 25 – 45◦ C. Priors for other parameters in the thermal responses were

148

set, to ensure parameters were positive and not tightly constrained (See SM; Appendix A3).

149

The rjags package uses a Metropolis within Gibbs Markov Chain Monte Carlo (MCMC)

150

sampling scheme to obtain samples from the joint posterior distribution of parameters. For each

151

fitted trait, we obtained posterior samples from five Markov chains that were run for 20000

152

iterations initiated with random starting values. These samples were obtained after using 10000

153

iterations for adaptation and burning another 10000 iterations. We visually assessed convergence

154

of the Markov chains. To obtain the posterior summaries of each trait, we combined the 20000

155

samples from each Markov chain from the posterior distribution, which resulted in a total of

156

100000 posterior samples of the thermal response for each trait. Based on these samples, for each

157

unimodal thermal response we calculated the posterior mean and 95% highest probability density

158

(HPD) interval around the mean of the thermal response and various summaries (e.g., the thermal

159

minimum or maximum).

160

Once the posterior samples of parameters for all thermal traits across temperature for each species

161

were obtained, these curves were combined to produce 100000 posterior samples of S(T ) (See
8

bioRxiv preprint doi: https://doi.org/10.1101/2020.07.08.194472; this version posted October 14, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

162

SM; Appendix A4 for the traits used for each mosquito/parasite set). We used these samples of

163

S(T ) across temperature to calculate the posterior mean and the 95% HPD of the overall thermal

164

response of suitability, as well as for the critical thermal minimum, thermal maximum, and

165

optimal temperature for transmission suitability by the two mosquito species for each parasite.

166

We also used the posterior samples of the extrema of S(T ) (lower thermal limit, upper thermal

167

limit, and optimum) to assess the significance of the differences in these summaries between the

168

four mosquito/parasite combinations. For all of the possible pairwise mosquito/parasite sets, we

169

calculated the probability that the differences between each pair of samples of the S(T ) posterior

170

distributions for the mosquito-parasite combinations is greater than zero. The algorithm to

171

compute this based on posterior samples is as follows. 10000 random samples were selected from

172

the posterior distribution of the target statistics of the S(T ) (e.g., the thermal minimum) from

173

each mosquito/parasite combination. One mosquito/parasite pair is chosen as the baseline, and a

174

second as the comparator. The difference between each sample of the baseline mosquito/parasite

175

pair and the comparator are calculated, resulting in 10000 differences. If the two sets of samples

176

were random draws from the sample distribution, we would expect to see approximately even

177

numbers of differences above and below zero, and the mean would be close to zero. We

178

calculated the mean of the differences (primarily to identify which of the baseline or comparative

179

was on average higher, with a positive value indicating that the baseline was larger). We then

180

calculated the proportion of differences that skewed towards the baseline. If the proportion of

181

differences in the direction of the baseline is greater than or equal 0.95, we classify this as a

182

significant difference in the statistic or there is strong evidence that the values are different. If the

183

proportion of that the differences skewed in the direction of the baseline is between 0.6 and 0.94,

184

we said that there is some evidence that the difference is significant. Otherwise we said that there

185

is not a significant difference, because the difference between these two groups could be

186

explained by chance alone.

187

We also performed an uncertainty analysis for S(T ) to quantify the contribution of each trait to
9
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188

the overall uncertainty in suitability. We calculated the uncertainty due to each thermal trait on

189

S(T ) as follows. First we set all traits but one focal trait to their respective posterior means. We

190

then recalculated the conditional posterior distribution of S(T ) with only the focal trait allowed to

191

vary according to its full posterior distribution. Then at each temperature we calculated the width

192

of the 95% HPD due to only the variation in this single parameter. We calculated the relative

193

width of the HPD interval for this focal trait compared to the HPD interval when all traits are

194

allowed to vary according to their full posterior distribution. This is approximately the proportion

195

of the uncertainty each parameter contributes to the full uncertainty in S(T ) (Johnson et al.,

196

2015). This process was repeated for each focal trait in turn.

197

2.3 Model validation

198

To validate our models, we tested if S(T ) is consistent with data on observed malaria prevalence

199

in Africa and Asia, using generalized linear models (GLMs). We obtained data on P. falciparum

200

and P. vivax prevalence data collected at the village level in 46 countries in Africa and 21

201

countries in Asia from 1990 to 2017 from the Malaria Atlas Project (Pfeffer et al., 2018). The

202

prevalence data were matched with monthly aggregated mean temperature data for the quarter

203

prior to the start month of each study obtained from the WorldClim Global Climate Data Project

204

(Fick and Hijmans, 2017) using latitude and longitude coordinates as merging points.

205

We also included two socio-economic predictor variables in our analysis: adjusted per capita

206

gross domestic product (GDP) and population density (p). These allow us to account for other

207

potential sources of country to country or local variation in prevalence. Approximate population

208

density data at the village level where the prevalence studies took place were obtained from the

209

Global Rural-Urban Mapping Project - GRUMP project (Balk et al., 2006). GRUMP raster data

210

containing population density data were imported into ArcGIS software version 10.8 and

211

population density data at each location in our prevalence dataset was extracted using the “extract

212

values to points” tool from the spatial analysis toolset in ArcMap (Scott and Janikas, 2010). GDP
10
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data were obtained from the Institute for Health Metrics and Evaluation of the USA (James et al.,

214

2012). Both population density and GDP across countries exhibit clumpiness and variation across

215

orders of magnitude, which can lead to high leverage data points having outsized influence on

216

results. Logarithmic transformation of variables is a very common practice for addressing these

217

issues with predictors (Changyong et al., 2014). Thus, for all of our analyses we used the natural

218

logarithm transformed versions of both of population density and GDP.

219

We categorized each location in our dataset with a binary response variable to indicate whether or

220

not malaria had been observed at that location in our prevalence dataset, that is we defined the

221

response yi for the ith location as

yi =




1, if malaria prevalence > 0.

(6)



0, otherwise.
We fit a series of logistic regression models with different subsets of predictors that include S(T ),
log population density, and log GDP, or a combination of these (See SM; Appendices A9 and A10
for full models). The general logistic GLM is defined by the mean equation:

P r(yi = 1) = θ = logit−1 (ηi )
ηi = β0 + β1 x1,i + β2 x2,i + ... + βn xn,i

(7)
(8)

222

where ηi is the linear predictor, with β0 as the intercept, β1 , . . . , βn are the regression parameters,

223

and x1 , . . . , xn are the explanatory variables. Observations at data point i are then Binomial

224

random variables with “success” probability θ and sample size ni at each location as defined in

225

Eq. 7. In addition to log p, log GDP, and S(T ) we define additional combinations and functions

226

of these parameters to use as potential predictors. First we define S(T )GTZ, which is the

227

posterior probability that S(T ) > 0. We also defined multiplicative combinations, to account for

11
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possible interactions, specifically log(S(T)GT Z × GDP) and log(S(T)GT Z × p). In our models

229

we also consider more standard interactions between log(p), log(GDP) and S(T ) > 0. To assess

230

if model assumptions were adequately met we computed and plotted the randomized quantile

231

residuals (RQRs), implemented in the statmod package (Giner and Smyth, 2016). RQRs are

232

based on the idea of inverting the estimated distribution function for each observation to obtain

233

standard normal residuals if model assumptions are met and the model fits adequately. RQRs are

234

the residuals of choice for GLM models in large dispersion situations (Dunn and Smyth, 1996).

235

We then chose between all candidate models in terms of model probabilities (P r) that are based

236

on the Bayesian information criterion (BIC) values. Given a list of possible models

237

(M1 , M2 , . . . , Mi ), the probability that a model i is the best is giving by the equation:

1
exp − ∆BIC
2


P r(Mi ) =
Pn
1
i=1 exp − ∆BIC
2


(9)

238


where ∆BIC = BIC(Mi ) − min BIC(Mi ) ) is the difference between the BIC value for the ith

239

model, BICM i , and the value of the lowest BIC in the calculated set, min(BIC(Mi ) ). The best

240

model will be the one with the highest model probability (Burnham and Anderson, 2004). We

241

also calculated the proportion of deviance explained from each model (D2 ). A perfect model has

242

no residual deviance and its (D2 ) will be equal to 1. The (D2 ) is the GLM analogue to (R2 ) in

243

linear models (Dunn and Smyth, 2018).

244

Following methodology for spatial validation of suitability prediction models in (Taylor et al.,

245

2019; Tesla et al., 2018), we also calculated the proportion of P. falciparum and P. vivax

246

confirmed positive prevalence cases for Africa and Asia that falls into the months that are suitable

247

for malaria transmission (0 to 12). The proportion of confirmed positive prevalence cases were

248

calculated in areas that are suitable for either An. stephensi or An. gambiae in Africa and Asia

249

(See SM; Appendices B19 amd B20).

12
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250

2.4

Mapping temperature suitability for malaria transmission

251

We chose to focus on illustrating high suitability in Africa and Asia (where malaria is most

252

prevalent). We identified the temperatures defining the top quartile of the posterior median of

253

S(T ) and, at each location in space, we calculated the number of months that the pixel was within

254

these bounds for each mosquito-parasite system. Monthly mean temperature rasters at a 30

255

second resolution were downloaded from the Worldclim-Global Climate Data project (Fick and

256

Hijmans, 2017) using the raster package (Hijmans et al., 2015) in the R environment (R

257

Development Core Team, 2017). We cropped the temperature raster maps to the Africa and Asia

258

continents using the Crop function from the raster package and assigned values of one and

259

zero depending on whether the probability of S(T ) >0 exceeded the threshold at the temperature

260

in those cells. Maps were created in ArcMap 10.7.1 (Barik et al., 2017).

261

3 Results

262

3.1

263

In Figures 1 and 2, we show the posterior mean and the 95% HPD interval around the mean for

264

An. stephensi mosquito and parasite thermal traits (See SM; Appendices B1 and B2 for An.

265

gambiae). This enables us to visualize the extent of uncertainty around the mean thermal

266

response. In general, we notice that the uncertainty was greater in the thermal responses for traits

267

of An. gambiae mosquitoes than An. stephensi mosquitoes. This is largely due to fewer data

268

available for estimating the responses of traits to temperature for this species. More specifically,

269

for An. gambiae, mosquito development rate (MDR), number of eggs per female per day (EFD),

270

parasite development rate with P. falciparum (PDR), and vector competence with P. falciparum

271

(bc) showed the greatest uncertainty, primarily due to lack of data (See SM, Appendices B1 and

272

B2). Uncertainty in MDR, EFD, and bc have considerable uncertainty in the lower end of the

Posterior distributions of thermal traits
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273

thermal response because there are few or no data available below approximately 20◦ C. PDR has

274

few overall data points, resulting in significant overall uncertainty, but lack of higher temperature

275

data leads to especially large uncertainty in the upper thermal curve/limit. Bite rate (a) similarly,

276

has more uncertainty at the upper thermal limit, although the effect is less pronounced because

277

more total data are available.

278

In contrast, most An. stephensi traits exhibit considerably less uncertainty around the mean.

279

Where uncertainty exists, for example in the thermal limits of bite rate (a), (Figure 1B), and

280

mortality (µ), (Figure 1E)), this seems again to be due primarily to a lack of data near the thermal

281

extremes. Similarly, parasite traits with An. stephensi mosquitoes typically have better data

282

coverage than An. gambiae, and so have less uncertainty. However vector competence, bc, for

283

An. stephensi with P. falciparum is more uncertain at the minimum thermal limit because data

284

were only available above 21◦ C (Figure 2A). Similarly PDR for P. falciparum is uncertain near

285

the maximum thermal limit because there are only three data points above 32 ◦ C (Figure 2C). In

286

contrast P. vivax related traits are better constrained.

287

3.2 Posterior distribution of S(T )

288

In Figure 3, we show the posterior mean and 95 % HPD of S(T ) for each of the four

289

mosquito-parasite combinations. To allow for more direct comparison, all curves are scaled to the

290

maximum value of the posterior median S(T ) curve, so the maximum value of the median for

291

each individual curve is one. Overall, uncertainty (measured in the width of the HPD intervals

292

after scaling) is greater for An. gambiae with P. falciparum and P. vivax compared to

293

An. stephensi with P. falciparum and P. vivax (Figure 3). Based purely on posterior median

294

values, An. stephensi mosquitoes had the greatest temperature range for transmission suitability,

295

with a range of 15.3 ◦ C to 37.2 ◦ C for P. falciparum and 15.7 ◦ C to 32.5 ◦ C for P. vivax. The

296

median predicted temperature ranges for the suitability transmission of P. falciparum and P. vivax

297

by An. gambiae mosquitoes are very similar with ranges from 19.1 ◦ C to 30.1 ◦ C and 19.2 ◦ C to
14
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298

31.7 ◦ C respectively (Figure 3). However, these median ranges mask a great deal of uncertainty.

299

The suitability metric for all four mosquito parasite pairs is predicted to peak (i.e., to have

300

optimum) at approximately 25◦ C. Although there is some variability in this estimate, the posterior

301

distributions of the optimum do not exhibit significant differences between then (See SM;

302

Appendices B13 and B16). In contrast, there are indications that the upper and lower thermal

303

limits may not be the same across the 4 pairs. In An. stephensi, there is strong evidence of a

304

difference in the upper thermal transmission limit for these mosquitoes when they transmit

305

P. falciparum (CI: 36.5-38 ◦ C) versus P. vivax (CI: 31.7-33.7 ◦ C) (See SM; Appendices A7, B12a,

306

and B15a). Similarly, there is strong evidence for differences in the upper thermal limit for

307

transmission of P. falciparum when comparing between An. stephensi and An. gambiae (See SM;

308

Appendices A7, B12c, and B15c). The other comparisons at the maximum thermal limit are not

309

significant (See SM; Appendices B12 and B15).

310

The predictions for the lower thermal limits were much more similar to each other. Our results

311

show that the only significant differences are between the transmission of P. falciparum by

312

An. stephensi and by An. gambiae mosquitoes (See SM, Appendices B14c and B17c) and

313

between the transmission of P. vivax by An. stephensi and by An. gambiae. The other comparisons

314

at the minimum thermal limit are not significant (See SM; Appendices B14d and B17d).

315

3.3

316

Across all combinations of mosquitoes and parasites the uncertainty in S(T ) at intermediate

317

temperatures is dominated by the uncertainty in the adult mosquito mortality rate, µ (See SM,

318

Appendices B5 and B6). This is a common pattern as S ∝ µ−3 , so small changes in µ when µ is

319

small (that is near optimal temperatures for mosquito longevity) will have an out-sized impact on

320

S. This component is thus almost completely responsible for the location and height of the peak

321

of suitability.

322

In contrast, the traits that drive uncertainty in the temperatures around the thermal limits varies

Sources of uncertainty in S(T )
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323

between each mosquito-parasite pair and is sensitive to the amount and quality of data available

324

for each. For example, our suitability metric for P. falciparum in An. stephensi seems the most

325

well-resolved of all of the combinations. In this case, uncertainty in µ dominates across almost all

326

temperatures, and it is only at the high temperature end, above ≈ 37◦ C, that most of the

327

uncertainty is caused by something else, specifically egg to adult survival (PEA ). At temperatures

328

between 32-37◦ C vector competence (bc) and parasite development rate (PDR) also contribute to

329

the uncertainty, although they do not dominate over either µ or PEA . Similarly near the lower

330

temperature regime PDR and PEA both contribute to the overall uncertainty, but do not dominate

331

compared to µ (See SM; Appendix B5c). Because the mosquito traits are shared, the patterns seen

332

in the P. vivax/An. stephensi pair are similar to those for P. falciparum/An. stephensi. Again µ

333

dominates at intermediate temperatures, but now near the upper thermal limit the uncertainty is

334

almost entirely determined by uncertainty in vector competence (bc). At the lower limit, PDR

335

contributed to the uncertainty but to a lesser extent than µ (See SM; Appendix B5d).

336

The patterns exhibited for suitability by An. gambiae are markedly different, reflecting the greater

337

uncertainty across multiple traits used to construct the suitability metric. Although the uncertainty

338

due to µ is the dominant source of uncertainty at intermediate temperatures, other parameters

339

contribute to the uncertainty across much wider portions of the thermal response compared to

340

An. stephensi (See SM; Appendix B6). For example, uncertainty for P. falciparum/An. gambiae

341

pair is dominated by parasite development rate (PDR) in the lower and upper limits while eggs

342

per female per day (EFD) and mosquito development rate (MDR) influenced uncertainty in the

343

mid- to lower temperature ranges (See SM; Appendix B6c). For the P. vivax/An. gambiae pair,

344

uncertainty near the lower and upper limits for transmission is dominated by EFD, MDR, and

345

PDR, with each leading over slightly different ranges (See SM; Appendix B6d).
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346

3.4

Model Validation

347

We assessed whether our suitability metric is consistent with patterns spatially explicit prevalence

348

data for P. falciparum in Africa and Asia and P. vivax in Asia in two ways. For each set of parasite

349

prevalence data we evaluated seven models that included a combination of the logarithm of

350

population density, logarithm of GDP, and the probability that the suitability metric is greater than

351

zero (i.e., S(T ) > 0 , SGTZ). This included three ”null” models that incorporated socio-economic

352

factors but not the suitability metric. We chose as the best model the one that has the lowest value

353

of the Bayesian Information Criterion (BIC), and also evaluated the relative model probability

354

based on BIC. We also used a visual, qualitative approach, that examines histograms of the

355

proportion of P. falciparum and P. vivax positive prevalence cases that falls within suitable areas

356

for malaria transmission (0 to 12 months) by An. gambiae and An. stephensi mosquitoes in Africa

357

and Asia. (see SM; Appendices B19 and B20).

358

For P. falciparum in Africa and Asia the best model is the one that includes the linear

359

combination of SGTZ, log population, and log GDP interacted with location (i.e., different

360

regression coefficients for GDP in Africa than in Asia) (See SM; Appendix A9). This indicates

361

that including the suitability metric is significantly better at explaining patterns of

362

presence/absence than socio-economic factors alone. Based on the histograms of proportion of

363

positive cases, we find that in Africa, 76% and 52% of P. falciparum positive prevalence have

364

permissive temperatures ranges for at least six months of the year in areas suitable for

365

An. stephensi and An. gambiae respectively. In Asia, 85% and 70% of P. falciparum positive

366

prevalence have permissive temperatures ranges for at least six months of the year in areas

367

suitable for An. stephensi and An. gambiae respectively. Together, these results indicate that our

368

suitability metric is consistent with the observed patterns for P. falciparum.

369

In contrast, for P. vivax in Asia, when comparing the models based in BIC, the best model is the

370

one that only includes the socio-economic factors. The second best model is the one that includes

371

the linear combination of SGTZ with the socio-economic factors. The difference in BIC between
17
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372

these two best models is less than 10 units meaning that the difference in their performance are

373

not highly significant (See SM; Appendix A10). The proportion of deviance explained by these

374

models is 0.025, which is the same for both models. We expect that there are two primary reasons

375

why we observe this. First, the overall amount of data is much smaller, which makes it more

376

difficult to discern signals. Further, in the parts of Asia where we have data, temperature does not

377

vary very much, where as there are larger swings in per capita GDP and population density; this is

378

the opposite to the pattern observed in Africa (See SM; Appendix B21). Based on the histograms

379

of proportion of positive cases, we find that in Asia, 69% and 70% of P. vivax positive prevalence

380

cases have permissive temperature ranges for at least six months of the year in areas suitable for

381

An. stephensi and An. gambiae respectively. In Africa, 38% and 52% of P. vivax positive

382

prevalence have permissive temperatures ranges for at least six months of the year in areas

383

suitable for An. stephensi and An. gambiae respectively (See SM; Appendices B19 and B20).

384

This indicates that the suitability metrics are also likely consistent with the observed pattern of

385

prevalence in both places, although further data to confirm this would be helpful.

386

3.5

387

Our maps illustrate the number of months of suitability for P. falciparum and P. vivax

388

transmission by An. stephensi and An. gambiae in Africa and for P. falciparum and P. vivax

389

transmission by An. stephensi in Asia (Figure 4 and Appendix B18 in SM) based on the top

390

quartile of the posterior probability median S(T ) > 0. The maps predict the seasonality of

391

temperature suitable for malaria transmission geographically, but they do not indicate its

392

magnitude. Our maps demonstrate that temperatures are suitable for the transmission of

393

P. falciparum and P. vivax malaria by both mosquito species, An. gambiae and An. stephensi, in

394

vast areas of Africa and by An. stephensi mosquitoes in Asia (Figure 4 and Appendix B18 in SM)

395

Our maps indicate that in Africa, approximately 15% of the continental land area will have

396

temperatures suitable year-round for the transmission of P. falciparum malaria by An. stephensi

Mapping climate suitability for malaria transmission
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mosquitoes, and 44% for at least six months of the year (Figure 4A). We found that

398

approximately 12% of the African continent is suitable for transmission of P. vivax by

399

An. stephensi mosquitoes year-round, and 38% for at least six months of the year (Figure 4B).

400

Countries in which most of the territory is suitable year-round include Liberia, Sierra Leone,

401

Central African Republic, Democratic Republic of the Congo, Congo, Gabon, Cameroon, Cote

402

d’Ivoire, and Ghana. The area suitable for P. falciparum and P. vivax malaria transmission by

403

An. gambiae in Africa is very similar with 8% of the area suitable year-round and 30% of the area

404

suitable at least six months of the year for both parasites (See SM; Appendix B18). Countries

405

with most of their territory suitable year-round include Liberia, Democratic Republic of Congo,

406

Congo, Central African Republic, and Cote d’Ivoire.

407

In Asia, approximately 9% of the area is suitable for the transmission of P. falciparum malaria by

408

An. stephensi mosquitoes year-round, and 20% for six or more months of the year (Figure 4C).

409

The area suitable for year-round transmission of P. vivax by An. stephensi is approximately 7%,

410

and for at least six months of the year is 16% of the Asian territory ((Figure 4D). Countries with

411

most of their territory suitable year-round include Indonesia, Malaysia, Singapore, Papua New

412

Guinea, the South of Thailand, and the South of Sri Lanka.

413

4 Discussion

414

Determining the optimal and the minimum and maximum temperature limits at which

415

An. gambiae and An. stephensi mosquitoes are the most efficient vectors for the transmission of

416

malaria parasites is important for assessing the potential for invasion and establishment in novel

417

locations, and to predict the impacts of climate change on the future geographical distribution of

418

these two mosquito species and the malaria parasites they transmit. In this paper, we have updated

419

predictions for thermal suitability of transmission of the two most common malaria parasites,

420

P. falciparum and P. vivax, by two of the most common malaria vector species, An.gambiae and
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421

An. stephensi, using data from historical and newly published studies. In doing so, we are able to

422

examine the extent to which predictions may vary between mosquito species and between parasite

423

types. We also identified persistent data gaps that must be addressed to further improve these

424

models and allow more precise comparisons between mosquito/parasite complexes.

425

Our results suggest that there is little difference in the optimal temperature for malaria

426

transmission between An. gambiae and An. stephensi mosquitoes. Further we find optimal

427

temperatures for malaria transmission suitability that are similar to other recent findings for the

428

optimal temperature at the continental scales (e.g., Johnson et al., 2015; Lunde et al., 2013;

429

Mordecai et al., 2019, 2013; Shapiro et al., 2017). Earlier studies had calculated higher optimal

430

temperatures for malaria transmission (Craig et al., 1999; Mahmood, 1997; Parham and Michael,

431

2009). We attribute the difference to the use of linearly increasing/monotonic functions as a

432

component of the models. The study of (Shapiro et al., 2017) also reported an optimum

433

temperature of 29 ◦ C using a relative vectorial capacity model. Empirical data usually violates

434

several of the vectorial capacity model assumptions (Shapiro et al., 2017). In nature, biological

435

and ecological mosquito and parasite traits usually show unimodal responses to temperature (Dell

436

et al., 2011). Biological and ecological traits in response to temperature tend to increase

437

exponentially from a minimum thermal limit to an optimal temperature, then decline to a zero at a

438

maximum thermal limit (Dell et al., 2011).

439

In contrast, we find that there are differences between the temperatures that could limit suitability

440

for the two focal parasites to be spread by different mosquitoes. For example we found evidence

441

that there are differences in the upper thermal limit between P. vivax and P. falciparum when

442

spread by An. stephensi, and between P. falciparum when spread by the two mosquitoes. There is

443

also evidence that the lower suitability threshold differs by mosquito species when transmitting

444

the same pathogen. However, there is a great deal of uncertainty in the estimates of these limits

445

due to poor data availability, especially for traits of An. gambiae and for P. falciparum.

446

As a result of the observed difference in the upper and lower thermal limits across
20
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447

mosquito-parasite systems, we also observe differences in the predicted temperature ranges for

448

suitability, with greater temperature ranges for pathogens transmitted by An. stephensi than

449

An. gambiae (Figure 3). Based on available trait data and previous studies, An. stephensi

450

mosquitoes seem to have greater plasticity in thermal tolerance than An. gambiae mosquitoes

451

(Bayoh, 2001; Kirby and Lindsay, 2004; Miazgowicz et al., 2020). Our predictions largely agree

452

with these broader mosquito thermal studies.

453

The larger thermal breadth for transmission of both P. falciparum and P. vivax by An. stephensi

454

than An. gambiae has a knock-on effect for the spatial extent of suitability for transmission. Our

455

maps show the areas that are potentially currently suitable, based on temperature, for the

456

transmission of P. falciparum and P. vivax by An. gambiae and An. stephensi mosquitoes. In

457

Africa, vast regions between 22 ◦ N and 21 ◦ S are highly suitable for An. gambiae and

458

An. stephensi mosquitoes. An. gambiae is currently the dominant mosquito species that transmits

459

malaria in Africa. Although An. stephensi is a native mosquito of Asia (Sinka et al., 2010), recent

460

research has reported that An. stephensi mosquitoes are already present in Africa, for example in

461

Djibouti (Faulde et al., 2014), Ethiopia (Balkew et al., 2019; Carter et al., 2018), Sudan, and

462

probably in neighboring countries (Takken and Lindsay, 2019; World Health Organization, 2019).

463

The current presence and the possible spread of An. stephensi to African countries poses a

464

potential health risk since it is a malaria vector well adapted to urban centers and it could cause

465

malaria outbreaks of unprecedented sizes (Balkew et al., 2019; Takken and Lindsay, 2019). Our

466

model indicates that the breadth of temperature range for An. stephensi with P. falciparum (15.3

467

to 37.2 ◦ C) is greater than the breadth for An. gambiae with P. falciparum (19.1 to 30.1 ◦ C); and

468

in a lesser degree, the breadth for An. stephensi with P. vivax (15.7 to 32.5 ◦ C) is greater than the

469

breadth for An. gambiae with P. vivax (19.2 to 31.7 ◦ C) (See SM; Appendix A7). This indicates

470

that a larger proportion of Africa may be suitable for transmission by An. stephensi than by

471

An. gambiae, due to the larger thermal breadth. Thus, regions at the northern and southern limits

472

of the area dominated by An. gambiae are suitable for An. stephensi. In these areas malaria
21
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473

transmission could increase as An. stephensi becomes more established, and become a potential

474

threat to malaria control in Africa.

475

Previous research assessing the optimal temperature and temperature limits for malaria

476

transmission using mechanistic trait-based models has necessarily relied on data from a

477

combination of mosquito and parasite species due to incomplete data availability for thermal traits

478

of mosquitoes and parasites. In this study, all mosquito traits used for the calculations were from

479

the Anopheles genus. If data for a specific trait were not available for one of the studied species,

480

we used data from the closest relative in the same genus (see SM; Appendix A2), For example,

481

for An. stephensi, all mosquito traits were from the same species, but for An. gambiae bite rate

482

data are still not available so we used data from An. arabiensis and An. pseudopunctipennis

483

mosquitoes instead. A similar approach was used for parasite traits. The amount of available data

484

for each species has significant impact on the uncertainty in our model. To reduce uncertainty in

485

these models, there is a need for more empirical data from the laboratory on how changes in

486

temperature affect mosquito and parasite traits, especially for An. gambiae.For example,

487

fecundity data for An. gambiae is lacking at low and high temperature ranges. There is also a

488

need for vector competence and parasite development rate data for An. stephensi with P. vivax,

489

An. gambiae with P. vivax, and An. gambiae with P. falciparum; and vector competence for

490

An. stephensi with P. falciparum. These data would improve certainty in these models, especially

491

at the thermal limits.

492

Our approach has some important limitations, some of which could be addressed by extending the

493

mechanistic models. One limitation is that we use constant temperatures in our models, and did

494

not incorporate daily and seasonal temperature variations, which occur in nature. However,

495

non-linearities make it difficult to measure mosquito and parasite traits even at constant

496

temperatures, especially at the thermal limits (Johnson et al., 2015; Mordecai et al., 2019).

497

Precipitation influences malaria transmission, particularly for abundance, due to its role in

498

mosquito life cycles. Incorporating the effect of different precipitation regimes on mosquito and
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499

parasites traits could also improve our mechanistic models. Despite these limitations, validation

500

of these constant temperature mechanistic models, using prevalence data (our study), human case

501

data (Mordecai et al., 2017), or entomological inoculation rate (EIR) data (Mordecai et al., 2013)

502

demonstrate that these simple temperature-only models capture broad-scale patterns of

503

transmission of mosquito-borne diseases. Due to the relative simplicity of the approach, similar

504

studies combining empirical data and model fitting could estimate optimum temperature and the

505

thermal limits for other vector-pathogen transmission systems in a similar way.

506
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Figure 1: Posterior mean (solid line) and 95% highest posterior density-HPD (dashed lines) of the thermal responses
for mosquito traits to calculate S(T ) for Anopheles stephensi/ Plasmodium falciparum and An. stephensi/P. vivax.
Traits modeled with a Brière thermal response are (A) mosquito development rate and (B) bite rate. Traits modeled
with a concave down quadratic function are (C) proportion of eggs to adult and (D) fecundity; and (E) mortality rate
which is modeled with a concave-up quadratic function. Data symbols correspond to the species of mosquitoes. ◦ is
for An. stephensi.
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Figure 2: Posterior mean (solid line) and 95% highest posterior density-HPD (dashed lines) of the thermal responses
for mosquito/parasite traits to calculate S(T ) for Anopheles stephensi/Plasmodium falciparum and An. stephensi/P. vivax. Traits modeled with a concave down quadratic function are vector competencen(A) P. falciparum (B) P. vivax.
Traits modeled with a Brière thermal response are parasite development rates (C) P. falciparum (D) P. vivax. Data
symbols correspond to the species of mosquitoes and parasite used for the analysis. ⊗ is for An. stephensi in combination with P. falciparum, ⊕ is for An. stephensi in combination with P. vivax, and  is for An. quadrimaculatus in
combination with P. vivax
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Figure 3: Top row: Relative S(T ) divided by the maximum value of the posterior mean for An. stephensi with
P. falciparum, An. stephensi with P. vivax, An. gambiae with P. falciparum, and An. gambiae with P. vivax (from
left to rigth). Bottom row: Mean, interquartile range, minimum and maximun numbers from the posterior for the
minimum temperature (Min), optimun temperature (Opt), and maximun temperature (Max) for the R0 of Anopheles
stephensi/Plasmodium falciparum (StepPfal), An. stephensi/P. vivax (StepPviv), An. gambiae/P. falciparum (GambPfal), and An. gambiae/P. vivax (GambPviv).
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Figure 4: The number of months a year that locations in Africa and Asia are suitable (S(T )>0) for the transmission
of A) P. falciparum, B) P. vivax, C) P. falciparum and, D) P. vivax by An. stephensi mosquitoes. We define highly
suitable temperatures as S(T )>0.75.
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Species
An. gambiae

a

MDR
X

PEA
X

EFD
X

An. funestus
An. arabiensis

X

X
X

X
X

X

An. stephensi

X

X

X

X

mu
X

X

bc

PDR
P. falciparum

X

P. berghei

X

P. falciparum

P. vivax
P. malariae
P. yoelii
X

An. quadrimaculatus

P. vivax

P. malariae
An. culicifacies
An. maculipennies
An. pseudopunctipennies
An. albimanus

P. malariae
P. malariae
X
X

X

X

P. falciparum

References
(Afrane et al., 2008;
Bayoh and Lindsay,
2003; Bayoh, 2001;
Christiansen-Jucht
et al., 2015; Kirby
and Lindsay, 2009;
Murdock et al., 2016;
Olayemi and Ande,
2009)
(Barreaux et al.,
2016)
(Lyons et al., 2013)
(Afrane et al., 2007;
Kirby and Lindsay,
2009; Lyons et al.,
2013;
Maharaj,
1996)
(Eling et al., 2001;
Miazgowicz et al.,
2020;
Murdock
et al., 2016; Paaijmans et al., 2013a,b;
Shapiro et al., 2017;
Thomas et al., 2018)
(Thomas et al., 2018)
(Knowles et al.,
1943)
(Paaijmans et al.,
2011, 2013a)
(Boyd et al., 1932;
Love and Whelchel,
1957;
StratmanThomas, 1940)
(Boyd and StratmanThomas, 1933)
(Siddons et al., 1944)
(Shute and Maryon,
1952)
(Lardeux et al., 2008)
(Grieco et al., 2003;
Mahmood,
1997;
Vélez, 2008)

Table A1: Available data on life history traits of mosquitoes that transmit malaria.

3

4

∗

South and
central America
Neotropics
(South and
central America)

An. stephensi
An. funestus

An.
quadrimaculatus

Cannals, ditches,
river margins,
rice fields
Lagoons, slow
flow rivers
Places with
salty and brackish
water

Endophilic

Exophilic
(endophilic∗ )
Exophilic
(endophilic∗ )
Exophilic
(endophilic∗ )

Exophagic

Zoophilic and,
anthropophilic

Zoophilic

An.
pseudopunctipennies

Exophagic
and
endophagic

An. albimanus

Exophagic

Exophilic

South-East
Asia pacific,
North-East
Europe

India, China
Ethiopia

Table A2: Ecological and biological comparison between mosquito species that transmit malaria

Presence of behaviour in rare occasions

Zoophilic and
anthropophilic

An.
maculipennies

An. culicifacies

Irrigated channels,
rock and sandy pools,
borrow pits,
rice fields

Exophagic

Mexico,
Southeastern
USA

An.
maculipennies

Endophagic
and
Anthropophilic
exophagic
and zoophilic

Zoophilic and
An.
quadrimaculatus anthropophilic

Farm fields, lakes,
swamps, old tires,
animal stables

Exophilic

Exophagic

Zoophilic

Western Asia,
India, China,
Ethiopia

An. funestus,
An. culicifacies,
An.
maculipennies

Manmade containers,
overhead and,
underground tanks

An. stephensi

Africa

An. gambiae

Diverse natural and
manmade places

Exophilic

Exophagic

Zoophilic

An. arabiensis

Africa

Endophilic

Anthropophilic Endophagic

An. funestus

An. stephensi,
An. culicifacies,
An. minimus

Rice puddles,
large ponds, lake edges

Geographic
distribution

Africa

Anthropophilic Endophagic

An. gambiae

Genome
Similarities

An. arabiensis

Endophilic
(exophilic∗ )

Resting

Breeding
Shaded pools,
rice fields,
tolerates salty water

Biting habit

Feeding habit

Species

(Neafsey et al., 2015; Paaijmans and Thomas, 2011;
Sinka et al., 2012)

(Lardeux et al., 2007; Sinka
et al., 2011, 2010, 2012)

(Neafsey et al., 2015;
Ponçon et al., 2007; Sinka
et al., 2012)

(Neafsey et al., 2015;
Sharma and Dev, 2015;
Sinka et al., 2012)

(Neafsey et al., 2015; Rios
and Connelly, 2012; Sinka
et al., 2012)

(Carter et al., 2018; Paaijmans and Thomas, 2011;
Sinka et al., 2012)

(Carter et al., 2018; Paaijmans and Thomas, 2011;
Sinka et al., 2012)
(Carter et al., 2018; Mahande et al., 2007; Paaijmans and Thomas, 2011;
Sinka et al., 2012)

(Neafsey et al., 2015;
O’Loughlin et al., 2014;
Paaijmans and Thomas,
2011; Sinka et al., 2012)
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A.2

Priors for Bayesian Analysis of Thermal Traits

Thermal response
function
Briére

Model parameters
Mosquito development rate (MDR)
Parasite development rate (PDR)
Bite rate(a)

Quadratic
(Concave down)

Eggs to adulthood survival (PEA )
Eggs per female per day (EFD)

Quadratic
(Concave down)

Vector competence (bc)

Quadratic
(Concave up)

Mortality rate (µ)

Parameters
T0
Tm
c
τ
T0
Tm
qd
τ
T0
Tm
n.qd
qd
int
n.slope
qd
τ

Priors
dunif(0,24)
dunif(25,45)
dgamma(1,10)
dgamma(0.0001,0.0001)
dunif(0,24)
dunif(25,45)
dgamma(1,1)
dgamma(0.0001,0.0001)
dunif(0,24)
dunif(25,45)
dexp(1)
-n.qd
dgamma(2,2)
dgamma(1,1)
dgamma(2,2)
dnorm(1000,1/500)

Table A3: Prior distributions for each of the parameters for the best fitting of the responses for each of the thermal
traits used for S(T ) calculation.
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A.3

Mosquito and parasites parameters to calculate S(T)

6

An. gambiae
An. stephensi

An. gambiae / P. vivax

An. stephensi / P. falciparum

7

An. gambiae /
P. falciparum
An.
quadrimaculatus /
P. vivax
An. stephensi /
P. falciparum
An.
quadrimaculatus /
P. vivax
(lower range
temperature)
An. stephensi /
P. vivax
(Upper range
temperature)

PDR

An. stephensi

An. stephensi

An. arabiensis /
An.
Pseudopunctipennis
An. arabiensis /
An.
Pseudopunctipennis

a

An. stephensi

An. stephensi

An. gambiae

An. gambiae

PEA

An. arabiensis

An. arabiensis

An. gambiae

An. gambiae

EFD

An.
quadrimaculatus /
P. vivax

bc
An. gambiae /
P. berguei and
An. stephensi /
P. falciparum
An.
quadrimaculatus /
P. vivax
An. stephensi /
P. falciparum

Table A4: Mosquito and parasite parameters used to calculate the suitability matrix (S(T )) in An. gambiae and An. stephensi mosquitoes.

An. stephensi

An. gambiae

An. gambiae / P. falciparum

An. stephensi / P. vivax

MDR

Species/Parasite

An. stephensi

An. stephensi

An. gambiae

An. gambiae

mu
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A.4

Summaries of Thermal Traits
Anopheles gambiae
Mosquito development rate
Bite rate
Eggs per female per day
Proportion of eggs to adulthood
Mortality rate
Vector competence
P. falciparum
Vector competence
P. vivax
Parasite development rate
P. falciparum
Parasite development rate
P. vivax

Mean T peak
(95% CI)
29
(28.46 - 29.54)
34.6
(33.89 - 35.31)
25.9
(25.37 - 26.43)
24.80
(24.17 - 25.43)
22.30
(21.70 - 22.89)
24
(23.37 - 24.63)
22.15
(21.61 - 22.69)
25.60
(25.06 - 26.14)
28
(27.53 - 28.47)

Mean T min
(95% CI)
13.85
(13.02 - 14.68)
16.95
](16.14 - 17.76)
15.30
(14.65 - 15.95)
16.65
(16.27 - 17.03)
8.45
(7.70 - 9.19)
9.45
(8.70 - 10.19)
13.55
(13.02 - 14.08)
12.35
(11.59 - 13.11)
20
(19.44 - 20.56)

Mean T max
(95% CI)
35.95
(35.54 - 36.36)
43.55
(43.24 - 43.86)
32.70
(32.27 - 33.13)
32.70
(32.34 - 33.06)
38.85
(37.99 - 39.70)
36.15
(35.52 - 36.78)
30.10
(29.61 - 30.59)
36.60
(35.93 - 37.26)
31.65
(31.44 - 31.85)

Table A5: Mean and 95% credible intervals (95% CI) on the critical thermal minimum, maximum, and optimum
temperature for mosquito and parasite traits for An. gambiae mosquitoes.
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Anopheles stephensi
Mosquito development rate
Bite rate
Eggs per female per day
Proportion of eggs to adulthood
Mortality rate
Vector competence
P. falciparum
Vector competence
P. vivax
Parasite development rate
P. falciparum
Parasite development rate
P. vivax

Mean T peak
(95% CI)
32.2
(31.64 - 32.76)
36.05
(35.56 - 36.53)
26.2
(25.58 - 26.82)
26.10
(25.52 - 26.68)
21.50
(20.37 - 21.73)
24.70
(24.05 - 25.35)
22.15
(21.61 - 22.69)
34.8
(34.21 - 35.39)
29.2
(28.69 - 29.71)

Mean T min
(95% CI)
18.6
(17.84 - 19.36)
19.10
](18.17 - 20.03)
16.05
(15.51 - 16.58)
17.70
(17.23 - 18.17)
6.95
(6.27 - 7.63)
10.80
(10.10 - 11.50)
13.55
(13.02 - 14.08)
17.85
(16.98 - 18.72)
19.7
(19.09 - 20.31)

Mean T max
(95% CI)
38.05
(37.76 - 38.34)
42.25
(41.82 - 42.68)
36
(35.49 - 36.51)
34.70
(34.22 - 35.18)
39.1
(38.26 - 39.94)
36.65
(36.04 - 37.26)
30.10
(29.61 - 30.59)
42.45
(42.04 - 42.86)
33.85
(33.60 - 34.10)

Table A6: Mean and 95% credible intervals (95% CI) on the critical thermal minimum, maximum, and optimum
temperature for mosquito and parasite traits for An. stephensi mosquitoes.
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A.5

Summaries of the Suitability Metric, S(T )

Species/Parasite
An. stephensi/ P. falciparum
An. stephensi/P. vivax
An. gambiae/P. falciparum
An. gambiae/P. vivax

Mean T peak
(95% CI)
24.8
(23.2 - 26.1)
24.5
(23.2 - 25.6)
25
(23.7 - 26.1)
25
(23.8 - 26)

Mean T min
(95% CI)
15.3
(14.6 - 16)
15.7
](14.9 - 16.6)
19.1
(15.5 - 22.5)
19.2
(16.6 - 22)

Mean T max
(95% CI)
37.2
(36.5 - 38)
32.5
(31.7 - 33.7)
30.1
(27.4 - 33.5)
31.7
(30.4 - 32.1)

Table A7: Mean and 95% credible intervals (95% CI) on the critical thermal minimum, maximum, and optimum
temperature for suitability of malaria by An. stephensi and An. gambiae mosquitoes, based on the posterior distribution
of S(T )
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A.6

Posterior samples differences between mosquito/parasite systems
Sample differences
Species/Parasite
An. stephensi - P. falciparum vs
An. stephensi - P. vivax
An. gambiae - P. falciparum vs
An. gambiae - P. vivax
An. stephensi - P. falciparum vs
An. gambiae - P. falciparum
An. stephensi - P. vivax vs
An. gambiae - P. vivax
An. stephensi - P. falciparum vs
An. stephensi - P. vivax
An. gambiae - P. falciparum vs
An. gambiae - P. vivax
An. stephensi - P. falciparum vs
An. gambiae - P. falciparum
An. stephensi - P. vivax vs
An. gambiae - P. vivax
An. stephensi - P. falciparum vs
An. stephensi - P. vivax
An. gambiae - P. falciparum vs
An. gambiae - P. vivax
An. stephensi - P. falciparum vs
An. gambiae - P. falciparum
An. stephensi - P. vivax vs
An. gambiae - P. vivax

>0
<0
Maximum temperature limit
1.00

0.00

0.27

0.71

1.00

0.00

0.91
0.05
Optimum temperature limit
0.61

0.36

0.46

0.49

0.44

0.51

0.28
0.67
Minimum temperature limit
0.21

0.73

0.47

0.51

0.00

1.00

0.01

0.99

Table A8: Comparison of the samples of the S(T ) posterior distributions at the optimum temperature, and maximum
and minimum temperature limit. Values are expressed as proportions
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A.7

Model Validation Results

Terms and abbreviations

• BIC: Bayesian information criterion
• D2 : Squared Deviance, the proportion of deviance explained by the model
• Model pr.: Model probability based on BIC
• ηi : linear predictor;
• β0 : Intercept; β1 ,...βn : Regression parameters
• lpop den: log(population density)
• lGDP: log(per capita gross domestic product)
• SGTZ: Probability of S(T )>0
• Pfal: Plasmodium falciparum; Pviv: Plasmodium vivax
• 1AF R : An indicator function that returns 1 if the condition in the subscript is TRUE and zero
if FALSE. In our notation, the variable AF R is TRUE (=1) if the location is in Africa and if
FALSE (=0) otherwise (i.e., if the location is in Asia).
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Model
Pfal PA1
Pfal PA2
Pfal PA3
Pfal PA4
Pfal PA5
Pfal PA6
Pfal PA7

Formula for linear predictor
ηi ∼ β0 + β1 lpop den + β2 lpop den 1AF R
ηi ∼ β0 + β1 lGDP + β2 lGDP 1AF R
ηi ∼ β0 + β1 SGT Z + β2 SGT Z 1AF R
ηi ∼ β0 + β1 lpop den + β2 lGDP +
(β3 lpop den + β4 lGDP ) 1AF R
ηi ∼ β0 + β1 SGT Z + β2 lpop den + β3 lGDP +
(β4 SGT Z + β5 lpop den + β6 lGDP ) 1AF R
ηi ∼ β0 + β1 log(SGTZ × pop den)+
β2 log(SGTZ × pop den) 1AF R
ηi ∼ β0 + β1 log(SGTZ × GDP )+
β2 log(SGTZ × GDP ) 1AF R

BIC
13175.29
12984.26
13072.04

Model pr.
0
0
0

D2
0.052
0.066
0.060

12933.72

0

0.071

12658.45

1

0.092

13023.10

0

0.063

12776.25

0

0.081

Table A9: Logistic regression models used for validation exercise – to test if the probability S(T )>0 alone or in
combination with socio-economic variables is a good predictor of malaria prevalence caused by P. falciparum in
Africa and Asia. For Africa and Asia we have 8343 and 3001 prevalence records respectively with 7934 P. falciparum
positive prevalence cases and 3410 P. falciparum negative prevalence cases. The logistic model is defined so that
for each response, yi , P r(yi = 1) = θ = logit−1 (ηi ) where ηi is the linear predictor as given in the table above.
Observations at data point i are then Binomial random variables with “success” probability θ and sample size ni .
Abbreviations used on the table are explained below.

Model
Pviv PA1
Pviv PA2
Pviv PA3
Pviv PA4
Pviv PA5
Pviv PA6
Pviv PA7

Formula (linear predictor)
ηi ∼ β0 + β1 lpop den
ηi ∼ β0 + β1 lGDP
ηi ∼ β0 + β1 SGTZ
ηi ∼ β0 + β1 lpop den +β2 lGDP
ηi ∼ β0 + β1 SGTZ+β2 lpop den+ β3 lGDP
ηi ∼ β0 + β1 log(SGTZ×pop den)
ηi ∼ β0 + β1 log(SGTZ×GDP)

BIC
4238.11
4223.61
4284.74
4193.86
4201.72
4264.92
4266.28

Model pr.
0
0
0
0.98
0.02
0
0

D2
0.013
0.016
0.002
0.025
0.025
0.007
0.006

Table A10: Logistic regression models used for validation exercise – to test if the probability of S(T )>0 alone or
in combination with socio-economic is a good predictor of malaria prevalence caused by P. vivax in Asia. For Asia
we have 3112 prevalence records with 1386 P. vivax positive prevalences cases and 1726 negative P. vivax prevalence
cases. For Africa, there is not available P. vivax prevalence data. The logistic model is defined so that for each
response, yi , P r(yi = 1) = θ = logit−1 (ηi ) where ηi is the linear predictor as given in the table above. Observations
at data point i are then Binomial random variables with “success” probability θ and sample size ni . Abbreviations
used on the table are explained below.
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B Supp Mat: Figures
B.1

Posterior mean and 95% HPD of the thermal responses for Anopheles
gambiae traits

Figure B1: Posterior mean (solid line) and 95% highest posterior density-HPD (dashed lines) of the thermal responses
for mosquito traits to calculate S(T ) for Anopheles gambiae/Plasmodium falciparum and An. gambiae/P. vivax combinations. Traits modeled with a Brière thermal response are (A) mosquito development rate and (B) bite rate. Traits
modeled with a concave down quadratic function are (C) proportion of eggs to adult and (D) fecundity; and (E) mortality rate is modeled with a concave-up quadratic function. Data symbols correspond to the species of mosquitoes
and/or parasite used for the analysis. •: An. gambaie; + : An. arabiensis; ∗: An. pseudopunctipennies
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B.2

Posterior mean and 95% HPD of the thermal responses for An. gambiae/parasites traits

Figure B2: Posterior mean (solid line) and 95% highest posterior density-HPD (dashed lines) of the thermal responses
for the mosquito/parasite traits to calculate S(T ) for Anopheles gambiae/Plasmodium faclciparum and An. gambiae/P. vivax. Traits modeled with a concave down quadratic function are vector competence (A) P. falciparum. Traits
modeled with a Brière thermal response are parasite development rates (B) P. falciparum (C) P. vivax. For Vector
competence for An. gambiae/P. vivax, we used the same data as for An. stephensi/P.vivax. Data symbols correspond to
the species of mosquito and parasite used for the analysis. ⊗ is for An. stephensi in combination with P. falciparum,
5 is for An. gambiae in combination with P. berghei,  is for An. gambiae in combination with P. falciparum, and 
is for An. quadrimaculatus in combination with P. vivax.
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B.3

Comparison of the thermal responses for parasite and mosquito traits

Figure B4: Comparison of the thermal response for parasites traits between mosquito/parasite systems: An. gambiae/P. falciparum (An. gamb P. falc), An. gambiae/P. vivax (An. gamb P. vivax), An. stephensi/P. falciparum (An.
step P. falc), and An. stephensi/P. vivax (An. step P. vivax). A) Parasite development rate and B) Vector competence.
Min: Minimum temperature, Opt: optimum temperature, and Max: Maximum temperature.
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Figure B3: Comparison of the thermal responses for mosquito traits between Anopheles gambiae and An. stephensi
mosquitos. (A) mosquito development rate, (B) bite rate (C) fecundity (D) proportion of eggs to adult and (E) mortality
rate.
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B.4

Thermal response S(T) and its uncertainty for mosquito/parasite systems

Figure B5: Relative S(T ) divided by the maximum value of the posterior mean for A) An. stephensi with P. falciparum
and B) An. stephensi with P. vivax. Relative width of the 95% HPD intervals due to uncertainty in each component,
compared to uncertainty in S(T ) overall for C) An. stephensi and P. falciparum and D) An. stephensi and P. vivax.
Each curve was obtained as followed. For each component, S(T ) was calculated for the thinned posterior samples
of that component, with all other components set to its posterior mean. Then the width of the inner 95% HPD was
calculated at each temperature. This was them normalized to the width of the HPD of the full posterior distribution of
S(T ) at each temperature
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Figure B6: Relative S(T ) divided by the maximum value of the posterior mean for A) An. gambiae with P. falciparum
and B) An. gambiae with P. vivax. Relative width of the 95% HPD intervals due to uncertainty in each component,
compared to uncertainty in S(T ) overall for C) An. gambiae and P. falciparum and D) An. gambiae and P. vivax. Each
curve was obtained as followed. For each component, S(T ) was calculated for the thinned posterior samples of that
component, with all other components set to its posterior mean. Then the width of the inner 95% HPD was calculated
at each temperature. This was them normalized to the width of the HPD of the full posterior distribution of S(T ) at
each temperature
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B.5

Model validation

Figure B7: The probability of S(T )>0 and the per capita Gross Domestic Product (GDP) predict the probability of
prevalence of Plasmodium falciparum in Africa and Asia. A) The posterior probability that S(T )>0 versus the probability of malaria prevalence caused by P. falciparum and transmitted by An. gambiae in Africa and by An. stephensi
in Asia. B) the natural log of the probability of S(T ) > 0 times the per capita gross domestic product versus the
probability of malaria prevalence caused by P. falciparum and transmitted by An. gambiae in Africa and An. stephensi
in Asia. For these models the median value of population density is 66.74 people/km2 and the median value of GDP
is $1815.3. Tick-marks are positive and negative residuals on the top and bottom axes. Lines and shaded areas: mean
and 95% CI from GLM fits for Africa (blue) and Asia (red). Figures for the probability prevalence caused by P. vivax
and the interaction between S(T ) > 0 and the socioeconomic variables are included in the supplemental material.
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Figure B8: Plots of the probability that S(T ) >0 versus the probability of malaria prevalence by Plasmodium falciparum transmitted by An. gambiae in Africa and by An. stephensi in Asia from presence/absence model Pfalc PA5
(Table 8; SM), for different levels of population density across different rows and different levels of per capita Gross
Domestic Product (GDP) across different columns. Tick-marks are human malaria prevalence data. Lines and shaded
areas: mean and 95% confidence interval from the fitted GLM.
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Figure B9: The natural log of the probability of S(T )>0 times the per capita Gross Domestic Product (GDP) predict
the probability of prevalence of P. vivax transmitted by An. stephensi in Asia.
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Figure B10: Plots of the probability that S(T ) >0 versus the probability of malaria prevalence by P. vivax transmitted
by An. stephensi in Asia from presence/absence model Pviv PA5 (Table 9; SM), for different levels of population
density across different rows and different levels of GDP across different columns. Tick-marks are human malaria
prevalence data. Lines and shaded areas: mean and 95% CI from GLM.
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Figure B11: Randomized quantile residuals extracted in R using the qresid function in the package statmod (Smyth
et al., 2019) for the best fitted models (Pfal PA5 and Pviv PA4) shown in tables 8 and 9 in SM. Randomized Quantile
Residuals are interpreted as standards residuals, and should be normally distributed if the assumptions of the underlying model are appropriate for the data. A) Fitted values plotted versus residuals for P. falciparum presence (red) and
absence (black) prevalence cases. B) Q-Q plot for the quantile residuals for P. falciparum. C) fitted values plotted
versus residuals for P. vivax presence (red) and absence (black) of prevalence cases. D) Q-Q plot for the quantile
residuals for P. vivax.
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B.6

Summary of the sample posterior distributions, S(T )

Figure B12: Histograms of the S(T ) posterior distributions at the maximum temperature limit. A) An. stephensi with
P. falciparum versus An. stephensi with P. vivax. B) An. gambiae with P. falciparum and An. gambiae with P. vivax.
C) An. gambiae with P. falciparum versus An. stephensi with P. falciparum. D) An. gambiae with P. vivax versus An.
stephensi with P. vivax.
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Figure B13: Histograms of the S(T ) posterior distributions at the optimum temperature limit. A) An. stephensi with
P. falciparum versus An. stephensi with P. vivax. B) An. gambiae with P. falciparum and An. gambiae with P. vivax.
C) An. gambiae with P. falciparum versus An. stephensi with P. falciparum. D) An. gambiae with P. vivax versus An.
stephensi with P. vivax.
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Figure B14: Histograms of the S(T ) posterior distributions at the minimum temperature limit. A) An. stephensi with
P. falciparum versus An. stephensi with P. vivax. B) An. gambiae with P. falciparum and An. gambiae with P. vivax.
C) An. gambiae with P. falciparum versus An. stephensi with P. falciparum. D) An. gambiae with P. vivax versus An.
stephensi with P. vivax.
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B.7

Comparison of the mosquito/parasite posterior distributions, S(T )

Figure B15: Sample differences of the S(T ) posterior distributions at the maximum temperature limit. A) An.
stephensi with P. falciparum versus An. stephensi with P. vivax B) An. gambiae with P. falciparum versus An. gambiae
with P. vivax C) An. stephensi with P. falciparum versus An. stephensi with P. falciparum, and D) An. stephensi with
P. falciparum versus An. gambiae with P. vivax.
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Figure B16: Sample differences of the S(T ) posterior distributions at the optimum temperature limit. A) An. stephensi
with P. falciparum versus An. stephensi with P. vivax B) An. gambiae with P. falciparum versus An. gambiae with P.
vivax C) An. stephensi with P. falciparum versus An. gambiae with P. falciparum, and D) An. stephensi with P. vivax
versus An. gambiae with P. vivax.
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Figure B17: Sample differences of the S(T ) posterior distributions at the minimum temperature limit. A) An. stephensi
with P. falciparum versus An. stephensi with P. vivax B) An. gambiae with P. falciparum versus An. gambiae with P.
vivax C) An. stephensi with P. falciparum versus An. gambiae with P. falciparum, and D) An. stephensi with P. vivax
versus An. gambiae with P. vivax.
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B.8

Suitability maps

Figure B18: The number of months a year that locations in Africa and Asia are suitable (S(T )>0) for the transmission
of A) P. falciparum, B) P. vivax, by An. gambiae mosquitoes. We define highly suitable temperatures as S(T )>0.75.
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B.9

Proportion of suitable months for malaria transmission in Africa and
Asia

Figure B19: The proportion of number of suitable months for transmission S(T )>0 in Africa with the presence of A)
P. falciparum malaria prevalence in area suitable for An. stephensi B) P. vivax malaria prevalence in area suitable for
An. stephensi C) P. falciparum malaria prevalence in area suitable for An. gambiae D) P. vivax malaria prevalence in
area suitable for An. gambiae.
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Figure B20: The proportion of the number of suitable months for transmission S(T )>0 in Asia with the presence of
A) P. falciparum in area suitable for An. stephensi B) P. vivax in area suitable for An. stephensi C) P. falciparum in
area suitable for An. gambiae D) P. vivax in area suitable for An. gambiae.
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B.10

Boxplots of the variables used for model validation for Africa and Asia

Figure B21: Comparison of the variability of the variables used for model validation between the Africa and Asia
regions. A) Temperature expressed in ◦ C B) Population density per km2 C) Gross domestic product per capita.
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Vélez, I. D. (2008). Desarrollo de un sistema de alerta temprana para la malaria en colombia.

38

