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Abstract: Malaria is one of the key research concerns in climate change-health relationships. Numerous 
risk assessments and modelling studies providing evidence that the transmission range of malaria will 
expand with rising temperatures resulting in adverse impacts on vulnerable communities. This risk is 
significant in East Africa whereby current research shows an expansion of malaria into the highland 
areas due to changes in temperature and rainfall. While there exist multiple lines of evidence for the 
influence of climate change on malaria and the risk posed to vulnerable communities, there is insufficient 
understanding of the complexity of factors influencing the spread of the disease at the community level. 
This paper considers assessment of risk of malaria infection due to climate change, from systems 
perspective. Drawing upon published literature, we apply systems approach to propose a detailed 
conceptual model that illustrates causal relationships between the multiple drivers of malaria 
transmission in line with the current Intergovernmental Panel on Climate Change recommendations for 
risk and vulnerability assessments. We suggest that this framework can be applied at a community level 
using both quantitative and qualitative methods with stakeholder engagement and in conjunction with 
Bayesian Belief Network to models to: explore how policy and management interventions can reduce 
the risk of malaria infection and; provide targeted adaptation strategies that incorporates both the 
scientific and the community perspectives. 
 
Keywords: integrated modelling; vulnerability and risk assessment; climate change and malaria 
transmission; systems approach 
 
 
1 INTRODUCTION 

 
Malaria kills over 500,000 people each year, mostly children in sub-Saharan Africa. The disease is very 
sensitive to climate change and climate variability, particularly in East Africa, where future changes in 
climate are projected to increase its spread (Caminade et al., 2014; Tonnang et al., 2014). Also, other 
important ecological, socioeconomic and sociodemographic factors, such as land use change, gender, 
age, human immunity, population growth, migration and transportation and levels of economic 
development have an influence on risk of malaria infection. A sufficiently accurate determination of risk 
must include the relative contribution this array of influences at multiple scales including those operating 
at the local level. It is also important to understand the extent to which affected communities are exposed 
to this risk and how well they are able to cope i.e. their vulnerability. Vulnerability is determined in part 
by human activities or interventions at the local level, which may far outweigh the negative impacts of 
climate change. Therefore a robust vulnerability assessment must not only take into account the impact 
of the climate-induced hazard to the population, but also the heterogeneity of the population and in 
malaria transmission, the differences in topography and hydrological characteristics of the landscape 
and other biological and socio-economic influences of transmission (Alonso et al., 2011; Paaijmans et 
al., 2014). Although there are general guidelines on vulnerability assessments, there is not one accepted 
method and there are few vulnerability assessments on climate change and malaria in East Africa in 
published literature (Bizimana et al., 2015, 2016; Hagenlocher and Castro, 2015; Kienberger and 
Hagenlocher, 2014). While these studies provide useful tools for decision-making, they do have some 
limitations; There is an assumption of homogeneity of the population and landscape, which suggests 
uniformity of indicators while the reality is that there are differences in population and possibly even 
topography that will have an impact on the influence of indicators (Bizimana et al., 2015; Hagenlocher 
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and Castro, 2015; Kienberger and Hagenlocher, 2014). Other limitations included incompatibility of 
models with data that was not available in a spatially disaggregated format such as acquired immunity 
to malaria, availability of malaria drugs, migration patterns, quality of the healthcare system, personal 
beliefs, behaviours and social networks (Bizimana et al., 2016; Hagenlocher and Castro, 2015). 
Furthermore, these studies only provided an assessment of social vulnerability to malaria and none 
considered climate change/variability and related uncertainties as well as biophysical and social 
vulnerability at the same time. These factors are interdependent in driving malaria transmission risk 
therefore they must be considered as a system. This paper addresses some of the limitations of this 
previous research by using systems dynamics approach for assessment of vulnerability and exposure 
of societies from climate change and malaria impacts. We developed a detailed conceptual systems 
model of climate change and malaria transmission. The conceptual model represents the 
complementarity of sociological and ecological systems in influencing diseases, and conforms to the 
current IPCC framework for risk and vulnerability, which recognises that risk of climate hazards can 
occur due to many influences (IPCC, 2014a, 2014b). This framework can be operationalised using 
Bayesian Belief Network (BBN) models to develop simulations of how the different variables interact 
under different future scenarios for policy and management intervention. 
 
 
2 METHODS 
 
Building the systems conceptual model is an iterative process. While there isn’t a set standard for this 
type of modelling, there are some common steps as described by Sterman (2000), and Voinov (2010), 
which we adapted for our modelling process (Figure 1). This approach captures our contextual and 
expert knowledge of the system and then subjects the information to a structural analysis, which was 
then used to formulate a conceptual model in the form of a causal-loop diagram (CLD).  
 

 
Figure 1. A flow chart showing the systems modelling process adapted from Sterman (2000) and Voinov 
(2010) 
 
 
2.1 Problem Definition 
 
Comprehensive reviews of climate change and malaria transmission have been covered in other papers 
(Martens and Thomas, 2004; Protopopoff et al., 2009; Sutherst, 2004). Other studies have developed 
suitable environmental, socio-demographic and behavioural indicators of malaria risk at regional, 
community and household levels (Bates et al., 2004a, 2004b; Ernst et al., 2009; Protopopoff et al., 2009; 
Sutherst, 2004; Wandiga et al., 2009). The experts selected were three key academics well versed in 
climate change, malaria transmission and climate change-malaria research in East Africa. They were 
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provided with contextual information regarding the research and were interviewed on their knowledge 
of the connections between climate change and malaria transmission. We used this previous knowledge 
and expert consultation to capture relevant knowledge about the system and to identify variables 
influencing risk of malaria infection in East Africa and the relationships between them. The experts were 
also involved in the structural analysis phase as described in the next section.  
 
2.2 Structural analysis 
 
The malaria transmission cycle is a complex system with multiple non-linear and often interacting 
variables of climate change, environmental, biological and socio-economic influences. Conceptualising 
such a system can be a challenging process however; there are tools such as the Cross-Impact 
Multiplication Method (CiMMM) (Godet, 2001) that are useful for structural analysis and conceptual 
modelling. The structural analysis method followed a multi-phase participatory process to generate 
ideas among the research team and experts on how the system works in order to identify and rank key 
influential variables. The structural analysis process followed a four step method: a) Identification of all 
variables from literature review and expert consultations (Table 1); b) Description and ranking of the 
relationships between variables based on the degree of direct influence using our previous knowledge 
and validation of the relationships by the experts; c) Identification of key variables using MICMAC 
approach i.e. Impact Matrix Cross-reference Multiplication Applied to a Classification, which calculates 
the intensity of influence and dependency between variables and; d) The MICMAC analysis provides us 
with the relationships between key variables of the system through an analysis of the impact matrix by 
generating a map of direct influence, which separates the variables into four types according to degree 
of influence: i) Influential variables i.e. variables that influence the system, but are not dependent on 
other variables; ii) Relay variables, which influence the system and are dependent on influential 
variables; iii) Dependant variables, which represent the system’s output variables and; iv) Autonomous 
variables, which are neither influential nor dependent and do not significantly affect the system.  
 
 
2.3 Construction of the Systems Conceptual Model Using Causal Loop Diagrams (CLD) 
 
After the structural analysis phase, we designed a CLD to map and visualise the nature of the 
relationships among key variables in the systems. This allows us to understand the relationships 
between the system’s components and the system’s dynamics.  In a CLD, the variables are connected 
or linked by arrows that indicate a causal relationship. The direction of the arrow indicates the direction 
of causality while the polarity sign at the tip of the arrow (+ or -) indicates whether the relationship 
between the two variables is positive or negative. The CLD was visualized using the free software 
Vensim PLE for Windows Version 6.3D.  
 
 
3 RESULTS 
 
 
3.1 Identification of variables 
 
Based on our contextual knowledge, key insights from expert interviews and key literature, a list of 34 
variables in the climate change and malaria transmission cycle were identified and grouped in 
biophysical and socio-economic indicators (Table 1).  
 

Table 1. Variables in climate change and malaria transmission identified from literature review and 
expert consultation. 

Biophysical Variables 

No Variables Description Source 

1. Transmission 
temperature 
(air) 

Temperatures suitable for malaria transmission i.e. 
between 16 oC to 34 oC 

Protopopoff et al., 2009; Sutherst, 2004 

2. Water 
temperature 

Suitable breeding temperature for mosquito 
habitat 

Sutherst, 2004 

3. Precipitation Average monthly rainfall; rainy season Protopopoff et al., 2009; Wandiga et al., 

2009 
4. El Nino Periods of extreme rainfall Protopopoff et al., 2009; Wandiga et al., 

2009 

5. Altitude Height/distance above sea level Protopopoff et al., 2009 
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6. Micro-habitat 

changes 

Changes in mosquito habitat micro-climate due to 

loss of forest cover or other environmental controls 
such as clearing of bushes. 

Sutherst 2004 

7. Topography  Physical land surface including hills and valleys Ernst et al., 2009; Protopopoff et al., 2009 

8. Wetlands and 
water bodies 

Proximity to swamps or other stagnant water 
bodies 

Ernst et al., 2009 

9. Bare areas Land without forest cover or other vegetation Ernst et al. 2009  

10. Forest edge Human proximity to forest boundaries and 
potential exposure to exposed mosquito breeding 
sites due to deforestation 

Ernst et al., 2009  

11. Agriculture livestock and maize farming, swamp drainage and 
farming and small-scale irrigation  

Bates et al., 2004a; Ernst et al., 2009; 
Protopopoff et al., 2009 

12. Vector 

abundance 

Increase in numbers of malaria mosquitoes Sutherst 2004  

13. Vector biting  Chances of an infective bite from mosquito Protopopoff et al., 2009 
14. Vector 

infection rate 

Efficiency of transmission and infection with the 

malaria parasite by the mosquito 

Protopopoff et al., 2009 

15. Vector 
adaptive 

behaviour 

Changes in mosquito vector behaviour such as 
early biting or indoor resting 

Expert input 

16. Population 
under 5 years 

Number of individuals under five years old Bates et al., 2004a; Protopopoff et al., 
2009 

17. Immune status Lowered immunity to malaria due to pregnancy; 
acquired immunity to malaria from long term 
exposure 

Bates et al., 2004a; Protopopoff et al. 2009    

18. Interactions Coinfections with other diseases such as HIV 
increase likelihood and severity of infection 

Bates et al., 2004b; Protopopoff et al., 
2009 

19. Drug 

resistance 

Resistance of the malaria parasite to drugs/ 

parasite evolution 

Bates et al., 2004b; Protopopoff et al., 

2009; Wandiga et al., 2009 

Socio-economic Variables 

20. Urbanisation Expansion of urban areas and overcrowding in 

cities 

Bates et al., 2004a; Sutherst, 2004 

21. Population 
Migration / 

travel 

Movement of people from low risk areas to malaria 
endemic or epidemic-prone areas and vice versa 

Bates et al., 2004a; Protopopoff et al., 
2009 

22. Nutritional 
status 

Poor health as a result of undernutrition or 
malnutrition 

Bates et al. 2004a; Protopopoff et al. 2009  

23. Gender  Gender roles, expectations and cultural customs Bates et al. 2004a; Protopopoff et al. 2009 
24. Poverty Socio-economic conditions; household income, 

food and household assets 
Bates et al., 2004a; Protopopoff et al., 
2009; Sutherst, 2004 

25. Religious 
beliefs 

Religion or superstitions in managing malaria 
and/or climate change impacts 

Bates et al., 2004a; Wandiga et al., 2009 

26. Perception  Knowledge and understanding of disease  Bates et al., 2004a; Ernst et al., 2009; 

Wandiga et al., 2009 
27. Type of house House with grass-thatched roof and mud walls, 

brick house with tiled or aluminium roof; house 

with separate kitchen, house with ceiling and 
house with open eaves 

Bates et al. 2004a; Ernst et al. 2009; 
Protopopoff et al. 2009  

28. Education 

level of 
household 
head 

Education level of male or female head of 

household 

Ernst et al. 2009 

29. Health-seeking 
behaviour 

Willingness to seek treatment for malaria; 
households with malaria medicine in stock, self-
medication, traditional treatments 

Bates et al. 2004a; Protopopoff et al. 2009 

30. Mosquito net 
use 

Use of insecticide-treated bed nets to prevent 
malaria infection  

Ernst et al., 2009; Wandiga et al., 2009 

31. Environmental 

controls 

Clearing bushes around households, safe disposal 

of plastics and other water-retaining containers 

Ernst et al. 2009; Wandiga et al., 2009 

32. Quality of 
health systems 

Health services and policy; availability of health 
facilities; access to healthcare; quality of 

healthcare and capacity for malaria treatment 

Bates et al., 2004b; Protopopoff et al., 
2009; Wandiga et al. 2009 

33. Malaria vector 
control  

Distribution and coverage of insecticide-treated 
bed nets by the government; Coverage of 

households sprayed with malaria insecticide 
(indoor residual spraying) 

Protopopoff et al. 2009; Wandiga et al. 
2009 

34. Quality of 

information 

Reliable and easy to understand information 

systems for communicating weather and climate 
information or early warning systems for malaria 
epidemics; outreach and education for malaria 

prevention 

Wandiga et al. 2009; Bates et al., 2004b 
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3.2  Structural Analysis – Cross matrix multiplication methods (CiM3) 
 
Structural analysis revealed the relationships between variables ranging from strong to weak. The 
strongest influential variable identified from the structural analysis were El Niño, agriculture and air 
temperature; relay variables were vector biting and vector abundance and the main dependent variable 
was vector infection rate while the rest of the variables were autonomous (Figure 2).  
 

 
 
Figure 2. Direct influence-dependence map of variables of the climate change and malaria 
transmission system. 

 
3.3  Conceptual model of climate change and malaria transmission using CLD 
 
Knowing the relationships between variables influencing the climate change-malaria transmission 
system helps us to construct a conceptual model of the system using CLD (Figure 3). By eliminating the 
autonomous variables, we can focus on the influential variables driving the systems as well as the relay 
and dependent variables. The variables are colour coded according to the relevant systems i.e. Blue = 
climate, climate change and variability; green = land use and land use; pink = malaria vector attributes; 
orange = susceptibility and yellow = adaptive capacity. The thicker arrows represent strong pathways 
of direct influence between variables, while the dashed arrows represent weaker pathways of influence 
between variables. The red arrows represent a negative relationship while blue arrows represent a 
positive relationship. These relationships are also indicated by the polarity signs “+” or “- “at the arrow 
tip. Lack of a polarity sign (black arrow) indicates that the relationship can be either positive or negative 
or that the relationship has not been determined. The conceptual model represents the complementarity 
of sociological and ecological systems in influencing diseases and can be used to guide an integrated 
approach for assessing vulnerability and exposure of human societies from climate related impacts on 
malaria. 
 

Influential Variables Relay Variables 

Autonomous Variables Dependent Variables 
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Figure 3. A systems conceptual model detailing the connections between climate change, land use 
and land use change, other biological and socio-economic factors and malaria transmission. 

 
4 CONCLUSIONS AND RECOMMENDATIONS 
 
We have presented an integrated modelling approach for assessment of the vulnerability and exposure 
of societies from climate related impacts on malaria, which conforms the IPCC framework on risk and 
vulnerability and we suggest that the generated systems conceptual model to be operationalised using 
BBN models preferably over a systems dynamics model to explore how policy and management 
interventions can reduce the risk of malaria infection. Use of BBN models allows us to address some of 
the previous limitations of climate change and malaria research: mainly with the lack of reliable and 
quality data and; the relative exclusion of socio-economic and socio-cultural influences in climate change 
and malaria risk assessment studies. Data acquisition can be from a range of quantitative and qualitative 
sources including literature reviews, secondary data, community surveys and stakeholder interviews. 
Expert stakeholders will provide the necessary contextual knowledge while empirical knowledge from 
local stakeholders and the general community will be important in identifying specific determinants of 
vulnerability. In this manner, BBN models useful as they are capable of incorporating a range of 
quantitative and qualitative sources and can adequately capture qualitative knowledge from 
stakeholders thus resulting in a more robust model incorporating both the scientific and community 
perspectives. Conversion from CLD to a BBN model also makes the relationships between models 
easier for stakeholders to understand and to give their input on the degree of influence between 
variables. Transitioning from CLD to BBN model does have its limitations, primarily in the inability of 
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BBN models to capture feedback loops therefore the full suite of variables identified from our structural 
analysis cannot be represented in a single BBN model. The resultant CLD includes a few feedback 
loops e.g. between vector infection rate and use of mosquito nets (balancing loop); vector biting, vector 
infection and quality of information (reinforcing loop) among others. This limitation can be addressed by 
constructing multiple BBN models if needed to capture feedbacks. Other limitations include the 
subjective nature of the modelling process; however, this can be overcome through the iterative cycle 
by which results of the structural analysis can be used to provide feedback to stakeholders for further 
refinement of the model.  
 
 
ACKNOWLEDGMENTS 
 
The authors would like to acknowledge the following experts for their contextual knowledge with regard 
to climate change and malaria research and vulnerability assessments: Dr. Andrew Githeko, Director, 
Climate Change and Vector Borne Disease Unit: Kenya Medical Research Institute; Prof. Shem 
Wandiga, Director, Institute for Climate Change and Adaptation: University of Nairobi, Kenya; Prof. 
Benson Estambale, Deputy Vice-Chancellor, Research, Innovation and Outreach: Jaramogi Oginga 
Odinga University of Science and Technology, Kenya. 
 
REFERENCES 
 
Alonso, D., Bouma, M.J., Pascual, M., 2011. Epidemic malaria and warmer temperatures in recent 

decades in an East African highland. Proc. Biol. Sci. 278, 1661–1669. 
doi:10.1098/rspb.2010.2020 

Bates, I., Fenton, C., Gruber, J., Lalloo, D., Lara, A.M., Squire, S.B., Theobald, S., Thomson, R., 
Tolhurst, R., 2004a. Vulnerability to malaria, tuberculosis, and HIV/AIDS infection and disease. 
Part II: Determinants operating at environmental and institutional level. Lancet. Infect. Dis. 4, 
368–75. doi:10.1016/S1473-3099(04)01047-3 

Bates, I., Fenton, C., Gruber, J., Lalloo, D., Medina Lara, A., Squire, S.B., Theobald, S., Thomson, R., 
Tolhurst, R., 2004b. Vulnerability to malaria, tuberculosis, and HIV/AIDS infection and disease. 
Part 1: determinants operating at individual and household level. Lancet. Infect. Dis. 4, 267–77. 
doi:10.1016/S1473-3099(04)01002-3 

Bizimana, J., Twarabamenye, E., Kienberger, S., 2015. Assessing the social vulnerability to malaria in 
Rwanda. Malar. J. 14, 1–21. doi:10.1186/1475-2875-14-2 

Bizimana, J.P., Kienberger, S., Hagenlocher, M., Twarabamenye, E., 2016. Modelling homogeneous 
regions of social vulnerability to malaria in Rwanda. Geospatial Heal. 11, 129–146. 
doi:10.4081/gh.2016.404 

Caminade, C., Kovats, S., Rocklov, J., Tompkins, A.M., Morse, A.P., Colón-González, F.J., Stenlund, 
H., Martens, P., Lloyd, S.J., 2014. Impact of climate change on global malaria distribution. Proc. 
Natl. Acad. Sci. U. S. A. 111, 3286–91. doi:10.1073/pnas.1302089111 

Carlson, J.C., Byrd, B.D., Omlin, F.X., 2004. Field assessments in western Kenya link malaria vectors 
to environmentally disturbed habitats during the dry season. BMC Public Health 4, 33. 
doi:10.1186/1471-2458-4-33 

Cohen, J.M., Ernst, K.C., Lindblade, K. a, Vulule, J.M., John, C.C., Wilson, M.L., 2008. Topography-
derived wetness indices are associated with household-level malaria risk in two communities in 
the western Kenyan highlands. Malar. J. 7, 40. doi:10.1186/1475-2875-7-40 

Drakeley, C.J., Carneiro, I., Reyburn, H., Malima, R., Lusingu, J.P. a, Cox, J., Theander, T.G., Nkya, 
W.M.M.M., Lemnge, M.M., Riley, E.M., 2005. Altitude-dependent and -independent variations in 
Plasmodium falciparum prevalence in northeastern Tanzania. J. Infect. Dis. 191, 1589–98. 
doi:10.1086/429669 

Ernst, K.C., Lindblade, K.A., Koech, D., Sumba, P.O., Kuwuor, D.O., John, C.C., Wilson, M.L., 2009. 
Environmental, socio-demographic and behavioural determinants of malaria risk in the western 
Kenyan highlands: a case-control study. Trop. Med. Int. Heal. 14, 1258–1265. 
doi:10.1111/j.1365-3156.2009.02370.x 

Gilioli, G., Mariani, L., 2011. Sensitivity of Anopheles gambiae population dynamics to meteo-
hydrological variability: a mechanistic approach. Malar. J. 10, 294. doi:10.1186/1475-2875-10-
294 

Githeko, A.K., Lindsay, S.W., Confalonieri, U.E., Patz, J.A., 2000. Climate change and vector-borne 
diseases: a regional analysis. Bull. World Health Organ. 78, 1136–1147. 

Hagenlocher, M., Castro, M.C., 2015. Mapping malaria risk and vulnerability in the United Republic of 



Onyango, E. A. et al. / An Integrated Modelling Approach to Climate Change and Malaria Vulnerability Assessments 

Tanzania: a spatial explicit model. Popul. Health Metr. 13, 1–14. doi:10.1186/s12963-015-0036-2 
IPCC, 2014a. Climate Change 2014: Impacts, Adaptation and Vulnerability. Part A: Global and 

Sectoral Aspects. Contribution of Working Group II to the Fifth Assessment Report of the 
Intergovernmental Panel on Climate Change. Cambridge University Press, Cambridge and New 
York. 

IPCC, 2014b. Climate Change 2014: Impacts, Adaptation, and Vulnerability. Part B: Regional Aspects. 
Contribution of Working Group II to the Fifth Assessment Report of the Intergovernmental Panel 
on Climate Change. Cambridge University Press, Cambridge, United Kingdom and New York, 
NY. 

Kienberger, S., Hagenlocher, M., 2014. Spatial-explicit modeling of social vulnerability to malaria in 
East Africa [WWW Document]. Int. J. Health Geogr. URL 
http://hy8fy9jj4b.search.serialssolutions.com.libraryproxy.griffith.edu.au//?sid=Elsevier:Scopus&g
enre=article&issn=1476072X&volume=13&issue=1&spage=&epage=&pages=&artnum=29&date
=2014&title=International+Journal+of+Health+Geographics&atitle=Spatial-explic (accessed 
2.9.15). 

Martens, P., Thomas, C., 2004. Climate change and malaria risk: complexity and scaling, in: 
Environmental Change and Malaria Risk: Global and Local Implications. Wageningen UR, pp. 3–
14. 

Mbogo, C.M., Mwangangi, J.M., Nzovu, J., Gu, W., Yan, G., Gunter, J.T., Swalm, C., Keating, J., 
Regens, J.L., Shililu, J.I., Githure, J.I., Beier, J.C., 2003. Spatial and temporal heterogeneity of 
Anopheles mosquitoes and Plasmodium falciparum transmission along the Kenyan coast. Am. J. 
Trop. Med. Hyg. 68, 734–742. 

Paaijmans, K.P., Blanford, J.I., Crane, R.G., Mann, M.E., Ning, L., Schreiber, K. V., Thomas, M.B., 
2014. Downscaling reveals diverse effects of anthropogenic climate warming on the potential for 
local environments to support malaria transmission. Clim. Change 125, 479–488. 
doi:10.1007/s10584-014-1172-6 

Patz, J.A., Githeko, A.K., McCarty, J.P., Hussein, S., Confalonieri, U.E., de Wet, N., 2003. Climate 
change and infectious diseases, in: Mcmichael, A.J., Campbell-Lendrum, D.H., Corvalán, C.F., 
Ebi, K.L., Githeko, A.K., Scheraga, J.D., Woodward, A. (Eds.), Climate Change and Human 
Health: Risks and Responses. WHO Press, Geneva, pp. 103–132. 

Protopopoff, N., Van Bortel, W., Speybroeck, N., Van Geertruyden, J.-P., Baza, D., D’Alessandro, U., 
Coosemans, M., 2009. Ranking malaria risk factors to guide malaria control efforts in African 
highlands. PLoS One 4, e8022. doi:10.1371/journal.pone.0008022 

Ruiz, D., Brun, C., Connor, S.J., Omumbo, J.A., Lyon, B., Thomson, M.C., 2014. Testing a multi-
malaria-model ensemble against 30 years of data in the Kenyan highlands. Malar. J. 13, 206. 
doi:10.1186/1475-2875-13-206 

Sewe, M., Rocklöv, J., Williamson, J., Hamel, M., Nyaguara, A., Odhiambo, F., Laserson, K., 2015. 
The Association of Weather Variability and Under Five Malaria Mortality in KEMRI/CDC HDSS in 
Western Kenya 2003 to 2008: A Time Series Analysis. Int. J. Environ. Res. Public Health 12, 
1983–1997. doi:10.3390/ijerph120201983 

Sterman, J., 2000. Business dynamics: Systems thinking and modeling for a complex world. 
Irwin/McGraw-Hill, Boston. 

Sutherst, R.W., 2004. Global change and human vulnerability to vector-borne diseases. Clin. 
Microbiol. Rev. 17, 136–73. 

Tonnang, H.E.Z., Tchouassi, D.P., Juarez, H.S., Igweta, L.K., Djouaka, R.F., 2014. Zoom in at African 
country level: potential climate induced changes in areas of suitability for survival of malaria 
vectors. Int. J. Health Geogr. 13, 12. doi:10.1186/1476-072X-13-12 

Voinov, A.A., 2010. Systems Science and Modeling for Ecological Economics, First. ed. Academic 
Press, London, Burlington, San Diego. 

Wandiga, S.O., Opondo, M., Olago, D., Githeko, A., Githui, F., Marshall, M., Downs, T., Opere, A., 
Oludhe, C., Ouma, G.O., Yanda, P.Z., Kangalawe, R., Kabumbuli, R., Kathuri, J., Apindi, E., 
Olaka, L., Ogallo, L., Mugambi, P., Sigalla, R., Nanyunja, R., Baguma, T., Achola, P., 2009. 
Vulnerability to epidemic malaria in the highlands of Lake Victoria basin: The role of climate 
change/ variability, hydrology and socio-economic factors. Clim. Change 99, 473–497. 
doi:10.1007/s10584-009-9670-7 

Wanjala, C.L., Waitumbi, J., Zhou, G., Githeko, A.K., 2011. Identification of malaria transmission and 
epidemic hotspots in the western Kenya highlands: its application to malaria epidemic prediction. 
Parasit. Vectors 4, 1–13. doi:10.1186/1756-3305-4-81 

Zhou, G., Minakawa, N., Githeko, A.K., Yan, G., 2004. Association between climate variability and 
malaria epidemics in the East African highlands. Proc. Natl. Acad. Sci. U. S. A. 101, 2375–2380. 


	Brigham Young University
	BYU ScholarsArchive
	Jul 11th, 2:30 PM - 2:50 PM

	An Integrated Modelling Approach to Climate Change and Malaria Vulnerability Assessments
	Esther Achieng Onyango
	Oz Sahin
	Cordia Chu
	Brendan Mackey

	Paper details

