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Approximately 3.3 billion, or half of the world’s population, are at risk from malaria and this number is 
projected to rise under climate change scenarios. While climate change does influence the global 
distribution of malaria, the spatial extent within regions will be determined by local land use factors and 
by other non-climatic factors. The latter include biological, social, demographic and cultural factors, 
along with human behaviour, drug resistance and public health interventions. At a local level, these 
factors can influence malaria transmission independently or by modifying the effects of climate change 
therefore, quantifying and understanding the impact of climate change needs consideration of the 
interactions between these other factors, climate change and malaria transmission. Using East Africa 
region as a case study, this paper suggests a participatory process of identification and ranking of key 
variables influencing malaria transmission known as structural analysis. In this process, we used 
systems thinking, literature review and expert consultations to identify a candidate set of influencing 
variables, describe the relationships between them and further, rank these identified variables in the 
order of their influence on the system. From our results, we determined that ElNino, average rainfall, 
malaria vector control, quality of information and agriculture were the five most influential variables of 
the system. Ranking of variables in order of influence is important in the context of decision-making as 
it identifies the most effective adaptation pathways for risk reduction. 
Keywords: climate change and malaria risk; systems thinking; structural analysis; decision-making for 
adaptation; East Africa.  

1. INTRODUCTION 

The malaria transmission cycle is influenced by air temperature, water temperature, rainfall, and 
humidity. Both the Anopheles mosquito and the Plasmodium parasites are climate sensitive and will 
respond to even the slightest changes in climate conditions (WHO and WMO, 2012). Studies in East 
Africa have linked increases in malaria transmission to climate change and climate variability (Githeko 
et al., 2014), while other studies contend that the influence of other non-climatic factors may play a 
greater role (Ermert, et al., 2013). The latter include land use, biological, social, demographic and 
cultural factors, along with human behaviour, drug resistance and public health interventions and are 
broadly categorised as either biophysical or socio-economic variables. These variables can be further 
grouped into two classes: main and modifying variables. Main variables such as climate change and 
land use will directly affect malaria transmission while modifying variables, such as dwelling type, rural, 
urban or ecological zones and time, will contribute to a more conducive environment for mosquito 
breeding and development (Stresman, 2010). The intensity of transmission also depends on other 
variables such as an individual’s age and gender, education, occupation, parasite species, length of 
infection, level of parasite present in the blood (parasitaemia), immune status and treatment (Sutherst, 
2004).  
 
In the last decade and a half (2000 – 2015), there has been a global decline of the disease by 
approximately 60% due to aggressive intervention and treatment (Bhatt et al., 2015). However, the 
fight is far from over as malaria is still responsible for approximately half a million deaths each year 
(WHO, 2017). Furthermore, the Inter-Governmental Panel on Climate Change (IPCC) projects that at 
least 200 million additional people will still be at risk of malaria despite interventions and treatment 



 

(IPCC, 2014). More risk assessments are needed that aim to understand how these variables interact 
to influence malaria transmission in order to determine the impact on vulnerable communities and to 
develop strategies to mitigate this risk (Caminade et al., 2014). In this context, risk is conceptualised 
as variables influencing the likelihood of exposure to malaria; the likelihood of infection and the 
capacity for treatment and intervention as defined by (Onyango et al., 2016). While there have been 
efforts to quantify the burden of malaria that is attributable to climate change in East Africa and the 
resultant risk to vulnerable communities (Paaijmans et al., 2014), the process is made difficult by the 
complexity of the malaria transmission system and the array of influencing factors. This paper, 
therefore, presents a participatory modelling process to reduce the system complexity to identify and 
rank key variables influencing climate change and malaria risk, also known as structural analysis. 

2. METHODS 

According to (Godet, 1994, 2006), the aim of structural analysis is to show the nature of the 
relationships among system variables and through analysis, identify which are the key variables. This 
is a four-step iterative process also known as the Cross-Impact Multiplication Method (CIMM), which 
constitutes: i) compilation of a candidate set of system variables from literature review and expert 
consultations; ii) mapping the relationships between variables based on contextual knowledge and 
expert opinion; iii) creating a matrix of all identified variables and analysis of the impact matrix to map 
the relationships among the identified key system variables, and; iv) identifying key variables based on 
the intensity of influence and dependency between variables. This was a participatory process in 
which the above steps were undertaken in consultation with experts. The software MICMAC® for 
Windows from the Max Planck Institute for Demographic Research, Rostock was used for analysis. 
The software uses a system of matrices applied to the initial matrix to study impacts through reaction 
paths and loops to rank the variables. 

2.1. Compilation of the Candidate Set of System Variables 

In the climate change and malaria risk system, there are several sub-systems with different 
biophysical and socio-economic influencing variables. These are i) climate, climate change, and 
climate variability; ii) land cover, land use and land use change iii) malaria transmission; iv) biological; 
v) human behaviour and interventions; vi) socio-cultural and, vii) socio-demographic. A literature 
review of malaria risk studies in East Africa and expert consultations was used to identify a candidate 
set of system variables. 

2.2. Mapping Relationships Between System Variables 

Variables in the system not only influence the risk of malaria infection but also interact with and 
influence each other. After the candidate system variables were identified, the relationships between 
them were determined and separated into four categories according to their degree of influence on the 
system and their degree of dependence on other variables: i) Influential variables which influence the 
system but are not dependent on other variables and are generally driving the system; ii) Relay 
variables, which influence the system and are dependent on influential variables and can easily 
destabilise the system as they can feedback to amplify or dampen the system; iii) Dependent 
variables, which represent the system’s output variables and are influenced by both the influential  
and relay variables; iv) Autonomous variables, which are neither influential nor dependent and may or 
may not significantly affect the system depending on the strength of their relationships. 

2.3. Determining the Strength of Relationships Between Variables and Ranking 
Them Using an Impact Matrix 

A matrix of the identified variables was created and used to evaluate the strength of the relationships 
between variables in consultation with experts. In the determination of causality, questions that 
examined the relationships between variables were considered such as: “does variable x affect 
variable y or vice versa?”; “what is the impact of variable x on variable y?”; and “is the relationship 



 

between variable x and variable y direct or indirect?” (Godet, 2006). The MICMAC® software was then 
used to determine the strength of the relationships between variables by considering the number of 
paths and loops of length 1, 2, 3 arising from each variable, and in order of dependence and by 
considering the number of paths and loops of length 1, 2, 3 accruing to each variable. Using the 
matrix, both rows and columns were populated with the variables and the degree of influence between 
them was evaluated on a scale of 0 to 3 as follows: The degree of influence between variables was 
rated 0 if there was no evidence of direct influence between two variables. Otherwise, the strength of 
the relationship was rated 1(low), 2 (medium), 3 (high).  

2.4. Visualising the System Using a Causal Loop Diagram (CLD) 

The influence between variables and on the system was visualised using an influence diagram, also 
known as a causal loop diagram (CLD), which are useful for conceptually representing systems 
inclusive of feedback relationships. A CLD consists of variables visualised as boxes that are 
connected by arrows which show the direction of causal influences (i.e. cause-effect relationships) 
between the variables (Gilioli & Mariani, 2011). Each arrow is assigned a polarity, either negative (+) 
or positive (-) to define the relationship between the independent and dependent variable (Gilioli & 
Mariani, 2011). If the relationship is positive, then the dependent variable will increase as the 
independent variables increases and if the relationship is negative, the dependent variable will 
decrease as the independent variable increases and vice versa. It is important to note that polarities 
only describe what would happen if there was a change in any of the variables, they do not describe 
the behaviour of the variables. The CLD was useful for the visual characterisation of the relationships 
between the different variables in the system. The CLD is used to illustrate the system components 
and the relationships between them, which when positive, will amplify whatever is happening in the 
system and will counteract and oppose change if negative (Sterman, 2000). This is important in the 
context of decision-making as policy-makers can visually comprehend and understand how one 
variable may change another or how one decision may affect variables in the system. The CLD was 
constructed using the software Vensim® DSS for Windows Version 6.3. 

3. RESULTS 

3.1. Candidate Set of System Variables 

A candidate set of 21 biophysical (BIO) variables and 15 socioeconomic (SEC) variables were 
identified through literature review and expert consultations as summarized in Table 1.  
 

Table 1 Biophysical and socio-economic variables influencing risk of malaria infection 

 
No Long Label Short 

Label 
Source Class 

1.  Air temperature AirTmp Protopopoff et al., 2009  BIO 
2.  Water temperature WtrTmp  BIO 
3.  El- Niño ENin Protopopoff et al., 2009; Wandiga et al., 

2009  
BIO 

4.  Average rainfall/ 
precipitation 

Prcp Protopopoff et al., 2009; Sutherst, 2004 BIO 

5.  Relative humidity RelHmd  BIO 
6.  Altitude Alt Protopopoff et al., 2009 BIO 
7.  Micro-habitat changes McrHbt  BIO 
8.  Topography  Tpgr Ernst et al., 2009; Protopopoff et al., 2009   BIO 
9.  Topographic wetness index TWI  BIO 
10.  Wetlands and water bodies WlndsWtr Ernst et al., 2009   BIO 
11.  Bare areas  Ernst et al., 2009   BIO 
12.  Forest edge FrstEdg Ernst et al., 2009  BIO 
13.  Agriculture Agr Bates et al., 2004a; Ernst et al., 2009; BIO 



 

Protopopoff et al., 2009 
14.  Vector abundance VctAbnd  BIO 
15.  Vector biting VctBtng Protopopoff et al., 2009 BIO 
16.  Vector infection rate VctInfct Protopopoff et al., 2009 BIO 
17.  Vector adaptive behaviour VctrAdpt  BIO 
18.  Pop under 5 years Pop<5 Bates et al., 2004; Protopopoff et al., 2009 BIO 
19.  Immune status ImmStat Bates et al., 2004a; Protopopoff et al., 

2009  
BIO 

20.  Interactions Intrcts Bates et al., 2004b; Wandiga et al., 2009 BIO 
21.  Drug resistance DrgRes Bates et al., 2004; Protopopoff et al., 

2009; Wandiga et al., 2009 
BIO 

22.  Urbanisation Urbn Bates et al., 2004a SEC 
23.  Population migration/travel Mgrtn Bates et al., 2004a; Protopopoff et al., 

2009 
SEC 

24.  Nutritional status NtrnSt Bates et al. 2004a; Protopopoff et al. 2009  SEC 
25.  Gender  Gndr Bates et al. 2004a; Protopopoff et al. 2009 SEC 
26.  Poverty Pvrt Bates et al., 2004a; Protopopoff et al., 

2009; Wandiga et al., 2009 
SEC 

27.  Religious beliefs RelBlf Bates et al. 2004a; Wandiga et al. 2009 SEC 
28.  Perception Prcp Bates et al., 2004a; Ernst et al., 2009; 

Wandiga et al., 2009 
SEC 

29.  Type of dwelling TypHs Bates et al. 2004a; Ernst et al. 2009; 
Protopopoff et al. 2009  

SEC 

30.  Education household head EdLvHh Ernst et al. 2009 SEC 
31.  Health-seeking behaviour HltSkBhv Bates et al. 2004a; Protopopoff et al. 2009 SEC 
32.  Bed net use NetU Brooker et al., 2004; Ernst et al., 2009; 

Wandiga et al., 2009 
SEC 

33.  Environmental controls EnvCtrl Ernst et al. 2009; Wandiga et al., 2009 SEC 
34.  Quality of health systems QltHltSys Bates et al., 2004b; Protopopoff et al., 

2009; Wandiga et al. 2009 
SEC 

35.  Malaria vector control  MalCtrl Protopopoff et al. 2009; Wandiga et al. 
2009 

SEC 

36.  Quality of information QualInf Bates et al., 2004b; Wandiga et al. 2009 SEC 

3.2. Mapping Relationships Between Variables 

Each variable in the system is associated with an influential or dependence indicator. This can be 
either through a direct or indirect influence. Not only do the variables in the system directly influence 
the risk of malaria infection, but they also interact with and influence each other. These relationships 
were visualized in the influence-dependence map illustrated in Figure 1. 
 
From our analysis, the main driving variables of the system under direct relationships are El Niño, 
average rainfall, quality of information, malaria vector control, agriculture, quality of health systems, air 
temperature and gender while the main dependent variables are environmental controls, net use, and 
health-seeking behaviour (Figure 1). In some instances, a variable may be considered weak on its 
own but could influence other variables and in turn collectively exert a stronger influence on the 
system. These relationships are visualised as displacement lines in the figure. These lines illustrate 
how sensitive a variable is to changes in the system. From our analysis, most variables were not 
sensitive to changes, except for the autonomous variables of poverty, education level of household 
head, altitude and relative humidity. In some instances, a small degree of displacement can have a 
large impact on the system. For example, the variable ‘vector infection rate’ is borderline dependent 
and can move to be fully dependent. 
 



 

 
Figure 1: Direct influence-dependence map of variables in the system. The lines associated with each 
variable indicate the displacement range of each variable based on their sensitivity to changes in the 

system 

3.3. Ranking the Variables According to Influence and Dependence 

Mapping the strength of relationships between variables thus enables ranking of the variables in both 
an influential (Infl) or dependent (dep) capacity from strongest to weakest as illustrated in Table 2. 

Table 2 Variable rankings in order of decreasing influence and dependence 

No  Label Di rect  
In fl  

No  Label Di rect  
Dep 

1 ElNino 802 1 Vector Abundance 1080 
2 Average Rainfall 648 2 Health Seeking Behaviour 925 
3 Malaria Vector Control 617 3 Bed Net Use 895 
4 Quality of Information 617 4 Vector Biting 740 
5 Agriculture 555 5 Vector Infection Rate 740 
6 Quality of Health systems 524 6 Environmental Control 709 
7 Air Temperature 462 7 Malaria Control 524 
8 Vector Biting 462 8 Agriculture 493 
9 Vector Abundance 432 9 Water Temperature 462 
10 Gender 432 10 Immune Status 370 
11 Vector Infection Rate 401 11 Micro Habitat Changes 277 
12 Population Under Five 339 12 Air Temperature 246 
13 Urbanisation 339 13 Relative Humidity 246 
14 Altitude 277 14 Vector Adaptive Behaviour 246 
15 Poverty 277 15 Population Migration 246 
16 Religious Beliefs 277 16 Precipitation 246 
17 Education Household Head 277 17 Average Rainfall 216 
18 Water Temperature 246 18 Topographic Wetness Index 216 
19 Vector Adaptive Behaviour 216 19 Wetlands and Water Bodies 185 
20 Environmental Controls 216 20 Bare Areas 185 
21 Bare Areas 185 21 Quality of Health Systems 185 
22 Bed Net Use 185 22 Type of Dwelling 154 
23 Wetlands and Water Bodies 154 23 Interactions 123 
24 Immune Status 154 24 Drug Resistance 92 

Influential Variables Relay Variables 

Autonomous Variables Dependent Variables 



 

25 Perception 154 25 Nutritional Status 92 
26 Health Seeking Behaviour 154 26 Forest Edge 61 
27 Topography 123 27 Urbanisation 30 
28 Relative Humidity 92 28 El Nino 0 
29 Micro Habitat Changes  92 29 Altitude 0 
30 Type of Dwelling 92 30 Topography 0 
31 Nutritional Status 61 31 Population under 5 0 
32 Topographic Wetness Index 30 32 Gender 0 
33 Forest Edge 30 33 Poverty 0 
34 Drug Resistance 30 34 Religious Beliefs 0 
35 Population Migration 30 35 Education Household Head 0 
36 Interactions 0 36 Quality of Information 0 

3.4. Representing the System Using a Causal Loop Diagram 

The influence-dependence map (1) and variable rankings (Table 2) were used to select key variables 
to include in the building of a causal loop diagram (CLD) to visualise the system. Although the process 
of conceptualising the model was subjective, there was a high degree of reliability through use of the 
expert consultation and literature references. The CLD was built by answering the question “Which 
impact of variable i on variable j can be observed at present?” (Godet, 2006). In addition, identification 
of the most important relationships that allow logical construction of the CLD was performed using the 
direct influence map (Figure 1). Influential, relay and dependent variables were included as key 
variables of the system. Autonomous variables with strong relationships (location near axis of 
influence or dependence) were also included as key system variables (Figure 2).  
 

Figure 2: Causal Loop Diagram 
illustrating the causal relationships 
among influential, dependent and 
autonomous variables influencing 

risk of malaria infection 

4. DISCUSSION: 
COMPLEXITY OF THE 
MALARIA 
TRANSMISSION SYSTEM 

Conceptualising the malaria 
transmission system is challenging 
due to the multiple, non-linear and 
interacting variables. For these 
reasons, there have been limited risk 
assessments that assess other non-
climatic variables influencing malaria 
transmission particularly at the local 
level. Studies in East Africa have 
focused on mainly on either 
biophysical or socio-economic 
variables with few studies that have 
integrated the two classes of variables (Onyango et al., 2016) and that rank malaria risk factors in 
order of influence (Protopopoff et al., 2009; Bizimana, 2014), which can be visualized using a CLD as 
illustrated. In this way interventions to mitigate against the risk and to design strategies to adapt to the 
risk can be targeted and focused on variables that bear the most influence on the system and that are 
amenable to change. The results from our structural analysis determined that El Niño, average rainfall, 
malaria vector control, quality of information and agriculture were the five most influential variables of 
the system while vector abundance, health-seeking behaviour, bed net use, vector biting and vector 
infection rate were the five most dependent variables. This is consistent with other studies that have 



 

determined an association between El Niño events and above average rainfall in East Africa, leading 
to outbreaks of malaria epidemics in the region (Hashizume et al., 2009). Additionally, studies show 
that aggressive and effective vector control and interventions at a local level can significantly lower 
risk of malaria (Bhatt et al., 2015). A similar study for ranking malaria risk factors was published by 
Protopopoff et al. (2009). They used a non-parametric classification and regression tree (CART) 
method to explore the influence of both categorical and continuous data variables on the level of 
malaria and on the Anopheles mosquitoes. These results were expressed as a decision tree and the 
CART provided a ranking of each independent variable based on their overall contribution to the 
construction of the tree. They determined that vector density was the best predictor for high malaria 
prevalence followed by rainfall, malaria vector control, temperature, and location of the household. 
Ranking malaria risk factors indicate the importance of each variable in driving the system and allows 
us to isolate and reduce the system to the most influential variables.  

5. CONCLUSION 

The complexity of the climate change and malaria system can be challenging in setting boundaries 
and the scope of risk assessment studies. In this paper, we have been able to reduce this complexity 
through structural analysis and identified a subset of influential and dependent variables of the system. 
These can be further analysed to identify targeted response strategies for climate change and malaria 
risk, adaption and policy. Further work can make use of systems modelling using the CLD and 
integrated risk assessments determine the key variables influencing risk and to identify suitable 
adaptation options for risk management.  

6. 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. 

7. REFERENCES 

1. Bates, I., Fenton, C., Gruber, J., Lalloo, D., Medina Lara, A., et al. (2004) ‘Vulnerability to 
malaria, tuberculosis, and HIV/AIDS infection and disease. Part 1: determinants operating at 
individual and household level.’, The Lancet. Infectious diseases, 4(5), pp. 267–77. doi: 
10.1016/S1473-3099(04)01002-3. 

2. Bates, I., Fenton, C., Gruber, J., Lalloo, D., Lara, A. M., et al. (2004) ‘Vulnerability to malaria, 
tuberculosis, and HIV/AIDS infection and disease. Part II: Determinants operating at 
environmental and institutional level.’, The Lancet. Infectious diseases, 4(6), pp. 368–75. doi: 
10.1016/S1473-3099(04)01047-3. 

3. Bhatt, S. et al. (2015) ‘The effect of malaria control on Plasmodium falciparum in Africa 
between 2000 and 2015’, Nature, pp. 1–9. doi: 10.1038/nature15535. 

4. Bizimana, J. (2014) ‘Malaria hotspots in Rwanda- relative influence of climate variability and 
interventions’, pp. 1–14. 

5. Brooker, S. et al. (2004) ‘Spatial clustering of malaria and associated risk factors during an 
epidemic in a highland area of western Kenya.’, Tropical medicine & international health : TM 
& IH, 9(7), pp. 757–66. doi: 10.1111/j.1365-3156.2004.01272.x. 

6. Caminade, C. et al. (2014) ‘Impact of climate change on global malaria distribution.’, 
Proceedings of the National Academy of Sciences of the United States of America, 111(9), pp. 
3286–91. doi: 10.1073/pnas.1302089111. 

7. Ermert, V., Fink, A. H. and Paeth, H. (2013) ‘The potential effects of climate change on 
malaria transmission in Africa using bias-corrected regionalised climate projections and a 
simple malaria seasonality model’, Climatic Change, 120(4), pp. 741–754. doi: 
10.1007/s10584-013-0851-z. 



 

8. Ernst, K. C. et al. (2009) ‘Environmental, socio-demographic and behavioural determinants of 
malaria risk in the western Kenyan highlands: a case-control study.’, Tropical Medicine & 
International Health, 14(10), pp. 1258–1265. doi: 10.1111/j.1365-3156.2009.02370.x. 

9. Githeko, A. K. et al. (2014) ‘Development and validation of climate and ecosystem-based early 
malaria epidemic prediction models in East Africa’, Malaria Journal, 13(1), p. 329. doi: 
10.1186/1475-2875-13-329. 

10. Gilioli, G., & Mariani, L. (2011). Sensitivity of Anopheles gambiae population dynamics to 
meteo-hydrological variability: a mechanistic approach. Malaria Journal, 10, 294. 
https://doi.org/10.1186/1475-2875-10-294 

11. Godet, M. (1994) From anticipation to action: A handbook of strategic prospective. I. Paris: 
United Nations Educational, Scientific and Cultural Organisation. 

12. Godet, M. (2006) Creating futures: Scenario planning as a strategic management tool. II. 
Economica. 

13. Hashizume, M., Terao, T. and Minakawa, N. (2009) ‘The Indian Ocean Dipole and malaria risk 
in the highlands of western Kenya.’, Proceedings of the National Academy of Sciences of the 
United States of America, 106(6), pp. 1857–1862. doi: 10.1073/pnas.0806544106. 

14. IPCC (2014) 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. Edited by C. B. Field et al. Cambridge and New 
York: Cambridge University Press. 

15. Onyango, E. A. et al. (2016) ‘An integrated risk and vulnerability assessment framework for 
climate change and malaria transmission in East Africa’, Malaria Journal. BioMed Central, 
15(1), p. 551. doi: 10.1186/s12936-016-1600-3. 

16. Paaijmans, K. P. et al. (2014) ‘Downscaling reveals diverse effects of anthropogenic climate 
warming on the potential for local environments to support malaria transmission’, Climatic 
Change, 125, pp. 479–488. doi: 10.1007/s10584-014-1172-6. 

17. Paaijmans, K. P., Read, A. F. and Thomas, M. B. (2009) ‘Understanding the link between 
malaria risk and climate.’, Proceedings of the National Academy of Sciences of the United 
States of America, 106(33), pp. 13844–9. doi: 10.1073/pnas.0903423106. 

18. Protopopoff, N. et al. (2009) ‘Ranking malaria risk factors to guide malaria control efforts in 
African highlands.’, PloS one. Public Library of Science, 4(11), p. e8022. doi: 
10.1371/journal.pone.0008022. 

19. Sterman, J. (2000). Business dynamics: Systems thinking and modeling for a complex world. 
Boston: Irwin/McGraw-Hill. Retrieved from http://www.sidalc.net/cgi-
bin/wxis.exe/?IsisScript=BAC.xis&method=post&formato=2&cantidad=1&expresion=mfn=057
031 

20. Stresman, G. H. (2010) ‘Beyond temperature and precipitation: Ecological risk factors that 
modify malaria transmission’, Acta Tropica. Elsevier B.V., 116(3), pp. 167–172. doi: 
10.1016/j.actatropica.2010.08.005. 

21. Sutherst, R. W. (2004) ‘Global change and human vulnerability to vector-borne diseases.’, 
Clinical microbiology reviews, 17(1), pp. 136–73. Available at: 
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=321469&tool=pmcentrez&rendertyp
e=abstract (Accessed: 11 October 2013). 

22. Wandiga, S. O. et al. (2009) ‘Vulnerability to epidemic malaria in the highlands of Lake Victoria 
basin: The role of climate change/ variability, hydrology and socio-economic factors’, Climatic 
Change, 99(3–4), pp. 473–497. doi: 10.1007/s10584-009-9670-7. 

23. WHO (2017) Malaria Factsheet.  


