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        Abstract



        
          Introduction:


          The reasons for malaria resurgence mostly in Africa are yet to be well understood. Although the causes are often linked to regional climate change, it is important to understand the impact of climate variability on the dynamics of the disease. However, this is almost impossible without adequate long-term malaria data over the study areas.

        


        
          Methods:


          In this study, we develop a climate-based mosquito-human malaria model to study malaria dynamics in the human population over KwaZulu-Natal, one of the epidemic provinces in South Africa, from 1970-2005. We compare the model output with available observed monthly malaria cases over the province from September 1999 to December 2003. We further use the model outputs to explore the relationship between the climate variables (rainfall and temperature) and malaria incidence over the province using principal component analysis, wavelet power spectrum and wavelet coherence analysis. The model produces a reasonable fit with the observed data and in particular, it captures all the spikes in malaria prevalence.

        


        
          Results:


          Our results highlight the importance of climate factors on malaria transmission and show the seasonality of malaria epidemics over the province. Results from the principal component analyses further suggest that, there are two principal factors associated with climates variables and the model outputs. One of the factors indicate high loadings on Susceptible, Exposed and Infected human, while the other is more correlated with Susceptible and Recovered humans. However, both factors reveal the inverse correlation between Susceptible-Infected and Susceptible-Recovered humans respectively. Through the spectrum analysis, we notice a strong annual cycle of malaria incidence over the province and ascertain a dominant of one year periodicity. Consequently, our findings indicate that an average of 0 to 120-day lag is generally noted over the study period, but the 120-day lag is more associated with temperature than rainfall. This is consistence with other results obtained from our analyses that malaria transmission is more tightly coupled with temperature than with rainfall in KwaZulu-Natal province.
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      1. INTRODUCTION


      Malaria continues to be a serious concern as it causes almost one million deaths globally every year [1]. It is also estimated that approximately half of the world’s population is at risk of contracting malaria [1]. The disease is closely associated with Africa, which is classified as a region carrying the largest share of the global malaria burden [1]. However, malaria is sensitive to climatic conditions and the occurrence is strongly influenced by climate variability [2]. For this reason, the recent concerns about global warming have triggered several studies on the impact of climate (variability and change) on inter-annual patterns of the disease [3-6].


      Previous studies have examined year-to-year variation of seasonal epidemics over the African highlands [7]. For example, Hay et al [8] confirmed the existence of cycle’s periodicity more than one year. Using the time-series modelling approach, Zhou et al [9] recently ascertained that rainfall and temperature play a significant role in the inter-annual variability of malaria across multiple East African highlands. Their results in contrast to [8] suggested that malaria epidemics in the highlands are initiated by climate variability. More recently, Pascual et al [7] combined both a time-series epidemiological model and a statistical approach to analyse monthly cases of malaria from 1970 to 2003 over a highland in Western Kenya. The findings from their study reveal the existence of multiyear cycles of malaria incidence over the study period. Their findings also demonstrate the impact of rainfall over malaria resurgence in 1990. It is concluded in line with the study of [9] that climate variables play significant roles at different temporal scales and should be considered when building predictive malaria models.


      However, assessing the impact of climate variability on malaria transmission over a region is difficult without having a long-term data series of malaria cases of the region [9]. For this reason, several studies have considered using dynamical malaria models to generate reported cases of epidemic regions over a long period. For instance, in the study of Laneri et al [10], dynamical models are used to understudy the impact of climate variability and immunity on malaria transmission in Senegal over two decades. Their results highlight the chances of predicting malaria incidence on endemic regions after investigating the interaction between climate and immunity. Following the same trend, Roy et al [11] examined the impact of climate variability on malaria and predicted epidemic regions over various districts in India with the help of dynamical models. It is concluded in their study that climate variables and process-based models are useful under non-stationary conditions. Okuneye and Gumel [12] designed a new non-autonomous model to assess the impact of variability in temperature and rainfall on the transmission dynamics of malaria in KwaZulu-Natal province of South Africa. Similarly, in the recent study of Abiodun et al [13], a climate-based mosquito model was presented to explore the impact of temperature and rainfall on mosquito population dynamics over Dondotha village in KwaZulu-Natal province, South Africa. The model demonstrates and quantifies the influence of temperature and rainfall on the abundance of Anopheles arabiensis over time and presents the strong seasonal variability over the region.


      The current study aims to further develop the mosquito model presented in [13] to investigate the impact of climate variability on malaria transmission over KwaZulu-Natal province during the period 1970-2005. The newly developed mosquito-human malaria model will be used to analyse the temporal dynamics of the diseases over the province.

    


    
      

      2. MATERIALS AND METHODS


      
        

        2.1. Study Area


        KwaZulu-Natal is a province located at the northeast part of South Africa. It is surrounded by three countries (Mozambique, Swaziland and Lesotho) and provinces (Mpumalanga, Free State and Eastern Cape), as in Fig. (1A and B). The province with almost 600,000 individuals living in malaria-risk areas, witnessed the highest malaria prevalence in 2001 in South Africa [14].

      


      
        2.2. Climate and Malaria Data


        Two different datasets were considered for the purpose of this study. To estimate the climate data of KwaZulu-Natal province, we averaged the climate data of three towns within malaria risk areas in the province. The towns namely; Ingwavuma (27.1322oS, 31.9942oE), Richards Bay (28.7807oS, 32.0383oE) and Ulundi (28.2997oS, 31.4342oE) are selected from Umkhanyakude, Uthungulu, and Zululand districts respectively (Fig. 1B). The Observational-Reanalysis hybrid datasets of each town is obtained from the Princeton University Global Meteorological Forcing Datasets ((PUGMFD), see [15] for details), and consist of the daily precipitation, minimum and maximum temperatures from 1970-2005. The averaged climate data of the three towns for the daily mean temperature and rainfall over the study period is shown in Fig. (2A and B) respectively. The monthly provincial malaria cases data of KwaZulu-Natal between September 1999 and 2003 were obtained from the South African Department of Health.


        [image: ]
Fig. (1)

        The map of KwaZulu-Natal province, South Africa. Source: GIS unit of the Medical Research Council of South Africa.

        [image: ]
Fig. (2)

        Time series of (a) daily mean temperature, and (b) rainfall of KwaZulu-Natal province from 1970 - 2005.
      


      
        2.3. Mosquito-Malaria Model Formulation


        In this study, we develop a climate-based mosquito-human malaria model to examine malaria transmission over KwaZulu-Natal province. We incorporate into the mosquito model of [13], as described in [16] and in Table 1, where Nh is the total human population, consisting of Susceptible Sh Exposed Eh, Infected Ih and Recovered Rh individuals. The total population of mosquito, denoted by Nh consist of Eggs (E), Larvae (L), Pupae (P), Susceptible adult searching for host (Ah), Adult at resting state (Ar), Adult searching for oviposition site (Ao), Exposed adult (Ev) and Infected adult mosquitoes (Iv). We assume that a portion of Ah will feed on Sh while some feed directly on infected human Ih. Those that fed on susceptible human will proceed to adult resting (Ar) to digest their meal, and later proceed to adult seeking oviposition site (Ao) to lay their eggs, while those that fed on infected human proceed to exposed mosquito (Ev) to digest their meal, and later proceed to Ao after leaving the infected stage (Iv). The dynamics of the mosquito-human malaria model are described by the following system of differential equations (1) with the flow diagram illustrated in Fig. (3). The mosquito climate-dependent functions considered for this model are generated from the laboratory experiments of [33]. For details on this, and on the mathematical analyses of the model in the present study, we refer readers to [13, 16]. Parameters are estimated and adopted from other studies as shown in Table 1.


        
          Table 1 Parameters of the mosquito-malaria model.


          
            
              
                	Description

                	Parameters/Functional Form

                	Ref.
              

            

            
              
                	Number of eggs, n(Ta)

                	-0.061411T3a + 38.93T2a - 801.27Ta + 5391.4

                	[1]
              


              
                	Egg development rate, ρe(Tw)

                	0.012T3w - 0.81T2w + 18Tw - 135.93

                	[1]
              


              
                	Larva development rate, ρL(Tw)

                	-0.002T3w + 0.14T2w - 3Tw + 22

                	[1]
              


              
                	Pupa development rate, ρp(Tw)

                	-0.0018T3w + 0.12T2w - 2.7Tw + 20

                	[1]
              


              
                	Egg mortality rate, μe(Tw)

                	0.0033T3w - 0.23T2w - 5.3Tw - 40

                	[1]
              


              
                	Larva mortality rate, μL(Tw

                	0.00081T3w - 0.056T2w + 1.3Tw - 8.6

                	[1]
              


              
                	Pupa mortality rate, μp(Tw

                	0.0034T3w - 0.22T2w - 4.9Tw - 34

                	[1]
              


              
                	Gonotrophic rate, ρAo(Ta)

                	0.00054T3a - 0.038T2a - 0.88Ta

                	[1]
              


              
                	Mosquito biting rate, Є

                	[image: ]

                	[37, 40]
              


              
                	Progression rate from Ev to Iv, μEv(Ta)

                	[image: ]

                	[37, 43, 50]
              


              
                	Min. temp. for P. falciparum survival, Tmin

                	16C

                	[15, 37, 43]
              


              
                	Proportion of insecticides, [image: ]

                	0.5

                	Est.
              


              
                	Rate adult mosquito seeks blood meal, ρAh

                	0.46

                	[14, 30]
              


              
                	Rate adult mosquito seeks resting site, ρAr

                	0.43

                	[14, 30]
              


              
                	Probability of human getting infected, β1

                	0.533

                	Nominal
              


              
                	Probability of mosquito getting infected, β2

                	0.09

                	[6, 33, 39]
              


              
                	Natural death rate in human, μh

                	1/49.1/365 per day

                	[28, 55], Est.
              


              
                	Human recruitment rate, Φh

                	51.67 per day

                	[28, 55], Est.
              


              
                	Contact rate of mosquito per human, к

                	0.6 per day

                	[13, 39]
              


              
                	Disease induced death rate, α

                	0.05 per day

                	[33, 39]
              


              
                	Progression rate from Iv to Ev, ρIv

                	1/18 per day

                	[6, 33, 39]
              


              
                	Recovered individuals’ loss of immunity, ρRh

                	1/730 per day

                	[6, 33, 39]
              

            
          


        


        Since mosquitoes and malaria parasites respond to weather conditions in days [2], the impact of climate variables on malaria transmission will be underestimated when using a monthly dataset. For this reason, we run our model with daily climate data to simulate the daily human population dynamics over the study region. Considering the parameters in Table 1, we chose the following initial conditions for the model simulations; Sh = 1000000, Eh = 600, Ih = 250 , Rh = 120, E = 10000000, L = 80000000, P = 6000000, Ah = 5000000, Ar = 4000000, Ao = 10000, Ev = 8000, Iv = 5000. Although the model output is obtained in daily basis, in order to ascertain the validity of the simulated data, we calculate the monthly number of infected humans over the province between September 1999 and December 2003 and compare our results with the observed monthly malaria cases over the province.


        [image: ]
Fig. (3)

        Flow diagram of the mosquito-human malaria model.

        
          
            	[image: ]

            	(1)
          

        

      


      
        

        2.4. Analysis of the Model Outputs


        In order to examine the influence of climate variability on the transmission of malaria; we perform the following analysis on the model outputs.


        
          2.4.1. Principal Component Analysis (PCA)


          In this study, Principal Component Analysis (PCA) is used to analyse the data generated from the model. The PCA is useful tool for determining similar modes of variability between variables [17-19]. It can also be used to contract umpteen numbers of inter-related variables to a few principal components that accommodate much of the variance in the primary dataset [18]. The analysis helps understand, interpret, and reconstruct large, multivariate datasets, both with spatial extent [20] and at single sites [21]. Here, PCA is applied to identify the climate variables that are coupled with the model outputs. To achieve this, we adopted Statistica software (that is Statsoft Inc., 2013) using the varimax rotation option to obtain a noticeable and clear pattern of loadings.

        


        
          2.4.2. Wavelet Power Spectrum


          Wavelet analysis is a technique used for decomposing a time-series into time-frequency space. The outlook offers valuable perception of the dominant modes of the time-series and how the modes vary with time. Contrary to Fourier analysis, wavelet analysis highlights and identifies the signals whose spectra change with time. In addition, the time-frequency analysis reveals further characteristics such as the periodic components with time progression [3, 7, 22]. The wavelet power spectrum also calculates the distribution of variance between frequency f and different time locations τ. In order to compare the wavelet power spectrum with simple spectral techniques, the global wavelet spectrum is computed as the time average of the wavelet power spectrum for each frequency component [7]. For a better understanding of this method and analysis, see [23, 24].


          Here in this study, we present the basic methods of using wavelet analysis to extricate periodic components from the climate variables and our model outputs. The wavelet analysis investigates the time-scale decomposition of the signal by calculating its spectral attributes as a function of time [22, 25].

        


        
          

          2.4.3. Wavelet Cross-Coherence


          Time-series analyses have been used to examine the dynamics of several disease epidemics, as it seemed to be the only substitute [26, 27], they are more useful in short-term analyses [28, 29]. They are typically noisy and complex [23]. For these reasons, and in order to qualitatively explore the correspondence of the wavelet spectra of rainfall and temperature on malaria incidence, we examine their cross-coherence spectrum as shown in Figs. (7 and 8) using wavelet cross-coherence analysis.


          Wavelet cross-coherence is a technique developed for analysing the coherence and time-phase lag between two time-series as a function of both time and frequency [30]. As defined in Fourier analysis, the univariate wavelet power spectrum can be broaden to analyse statistical relationships between two time-series x(t) and y(t) by computing the wavelet coherence, using the formula:


          
            
              	[image: ]
            

          


          where [image: ] denotes smoothing in both time and frequency; Wx(f, τ) represents the wavelet transform of series x(t);Wy(f, τ) is the wavelet power transform of series y(t; and Wx,y(f, τ) = Wx(f, τ).Wy(f, τ) is the cross wavelet power spectrum. The wavelet coherence provides local information about the extent to which two non-stationary signals x(t) and y(t), are linearly correlated at a certain period or frequency. The Rx,y(f, τ) is equal to 1 when there exists a perfect linear relationship at a particular time and frequency between the two signals [23].

        

      

    


    
      3. RESULTS AND DISCUSSION


      
        

        3.1. Model Validation


        Comparing the model output with observed data, our results produce a similar curve (r = 0.7) with the observed data as shown in (Fig. 4). For instance both curves highlight the sharp increase in malaria cases in 2000 followed by a decrease in 2001 to 2003. The sudden reduction has been linked to the introduction of dichlorodiphenyltrichloroethane (DDT) in 2000 [31] which was also captured in the model. However, we do notice some discrepancies between the simulated and observed data. The model over estimates malaria incidence as noted in September 2002 by showing almost 1000 infected humans when they were actually less than 200. Also, the malaria prevalence in 2000 picked up around December 1999 and ended in September 2000, while model pick-up time was around January 2000 and ended around October 2000. We consider these as part of the limitations of the model, which might be linked to the lack of other crucial factors affecting malaria in our model.


        [image: ]
Fig. (4)

        The modelled and reported cases of malaria over KwaZulu-Natal province, South Africa from September 1999 to December 2003.
      


      
        3.2. Malaria and Climate Variability


        
          3.2.1. Correlation Between Climate Variables and Model Outputs


          In order to investigate the possible correlation between malaria and climate, we perform principal component analyses on the model outputs.


          Our results indicate that there is a process coordinating the relationship between climate variables and malaria. When the process is active, it leads to two principal factors. As indicated in Table 2, the first principal factor (PF1) shows high loadings on Eh and Ih. Furthermore, the activation of the process increases Eh and Ih, but decreases Sh. The second principal factor (PF2) shows an increase in Sh, decreases the population of Rh. This is logical to the fact that recovered humans can be infected again if bitten by infected mosquito. Our findings here are also consistence with the previous studies of [32] that an increase in infected humans negatively influences the susceptible human population.


          
            Table 2 The principal component analyses (with varimax normalized loadings) showing the possible correlation between the model outputs.


            
              
                
                  	Variable

                  	Principal Factor 1 (PF1)

                  	Principal Factor 2 (PF2)
                

              

              
                
                  	Sh

                  	-0.68

                  	0.62
                


                
                  	Eh

                  	0.94

                  	0.15
                


                
                  	Ih

                  	0.76

                  	-0.42
                


                
                  	Rh

                  	0.01

                  	-0.97
                


                
                  	Expl. Var

                  	1.92

                  	1.53
                


                
                  	Prp. Totl

                  	0.48

                  	0.38
                

              
            


          

        


        
          

          3.2.2. Wavelet Time Series Analysis of Climate Variables and Malaria


          In general, two dominant peaks are noticed over the province from 1970-2005 as shown in Fig. (5c, f and i). The figures also reveal that 1-year periodicity is highly significant over the study period and describe the largest proportion of the time series. In addition, the monthly time-series, as shown in Fig. (5a, d and g) highlight a recurrent cycle with an apparent 1-year period, and additional components of variability in some years.


          [image: ]
Fig. (5)

          The wavelet analysis of the climate variables of KwaZulu-Natal province from 1970-2005}. The time series of average monthly (a) rainfall, (d) temperature and (g) simulated infected humans. The wavelet power spectrum of (b) rainfall, (e) temperature and (h) Infected humans time series. The cross-hatched region is the cone of influence, where zero padding has reduced the variance and only pattern above the region are considered reliable. The colour code values from blue (low values) to red (high values). The global wavelet power spectrum of (c) rainfall, (f) temperature and (i) Infected humans have been scaled. The black contour line corresponds to 10% significance level, using the global wavelet as the background spectrum.

          The wavelet power spectrum, as illustrated in Fig. (5b, e and h) indicates the decomposition of the series in time (along the x-axis) and period (along the y-axis) scale. The results from the analyses identify a strong annual cycle and ascertained a dominant 1-year periodicity (in red). Additional components of variability at shorter periods are also highlighted in the figures. In particular, the cycles in Fig. (5b) over the study period are noticeable for rainfall between 1986-1996 and 2001-2003, while those of temperature are significantly noticeable from 1986-1991 as revealed in Fig. (5e). However, both climate variables show similar patterns in the cycles from 1986-1991. This is an indication that on a seasonal scale, around this period, both variables increase and decrease simultaneously over the province. Also, the cycle patterns of the infected human are slightly more similar to that of temperature than rainfall. This implies that malaria transmission over the province is more associated with temperature than rainfall.

        


        
          3.2.3. The Lag and Cross-Correlation of Climate Variability and Malaria


          Also, the results in Fig. (6) show that malaria transmission over KwaZulu-Natal province between 1970 and 2005 is more influenced by temperature than rainfall. For instance, the highest correlation between rainfall and malaria incidence as shown in the figure is below 0.4, while that of temperature is 0.9. In addition, the red and blue bars clearly indicate the existence of both positive and negative correlation between climate variables and infected humans over the study period. However, the positive correlation are more noticeable. This is an indication that both rainfall and temperature contribute positively to the transmission of malaria over the province. Furthermore, an average of 0 to 120-day lag is generally noticed over the years, however, 120-day lag is more associated with temperature than rainfall. Also, in some of the years, rainfall is negatively correlated with number of malaria cases at lags of 0 and 1 month. This is consistence with the previous study of [34]. However, our result here contradicts their findings that temperature is weakly correlated at lags of 0 to 4 months. A stronger correlation in the case of temperature is obtained in this study. Other study in line with our findings here is the study of Mohammadkhani et al [35]. It is established in their study that the maximum positive cross-correlation was observed between malaria and climatic factors with 1 to 4 months lag [35]. Further studies associated with these findings are [36-38].


          [image: ]
Fig. (6)

          Cross-correlation coefficients of time series of daily climate variables and simulated infected human at several lags.

          In addition, the results in Figs. (7 and 8) show a strong relationship and significant cross-coherence between the climate variables and malaria incidence over the province. The results, in line with our previous findings clearly indicate that malaria incidences over the province are more and closely associated with the temperature rather than with rainfall. For instance, the annual cycle is dominated and fairly consistent through the year for both rainfall and temperature. The biennial pattern are additionally noted and more pronounced for temperature than rainfall. Malaria occurrence period is also noticed to fall within 256-512 days on both figures. Focusing more on the two figures, the cross-spectral analysis reveals that the correlation between malaria incidence and rainfall are noticeably stronger between 1971 - 1978 and 1987-2003, while that of temperature are noticeable all through the year. Although we notice a weak in-phase relationship between temperature and malaria incidence on the biennial cycle from 1984-1987 as shown in Fig. (7), no significant cycle or coherence is noted between this period for rainfall (Fig. 8). These results are consistent with the findings of Cazelles et al [3] that temperature and rainfall are highly significant on dengue transmission in Thailand. Their findings also made emphasis on the stronger relationship between temperature and dengue fever than that of rainfall. In addition, similar associations were documented for Colombia [39], India [40], and Venezuela [41], among others.


          [image: ]
Fig. (7)

          Wavelet coherence of rainfall and simulated infected human over KwaZulu-Natal province from 1970-2005. The arrows indicate the relative phasing of the variables, while the faded regions represent the cone of influence and are not considered for the analyses.

          [image: ]
Fig. (8)

          Wavelet coherence of temperature and simulated infected human over KwaZulu-Natal from 1970-2005. The arrows indicate the relative phasing of the variables, while the faded regions represent the cone of influence and are not considered for the analyses.
        

      

    


    
      

      CONCLUSION


      In this study, we have developed a climate-based mosquito-malaria model to examine malaria incidence over KwaZulu-Natal province from 1970 - 2005. The model is developed from the previous study of Abiodun et al [13] to investigate the human population dynamics of the province between the study periods.


      The model outputs are further analysed with principal component analysis, wavelet power spectrum and wavelet cross-coherence analysis to investigate the relationship between the climate variables and malaria incidence over the province.


      Our results ascertain that malaria transmission in the province is seasonal as indicated in previous studies [12, 42-44]. The findings also indicate that both temperature and rainfall are responsible for the transmission of the disease. However, malaria is more strongly influenced by temperature than rainfall over the province [42-44]. It is further established in our findings that malaria incidence is positively correlated with climate factors between 1 to 4 months lag.


      The findings of this study would be useful in early warning or forecasting of malaria transmission over KwaZulu-Natal province. More importantly, attention should be paid to the more expected occurrences of malaria between the periods of 256-512 days.


      Currently, the model ignores some other important factors influencing the dynamics of the vector population and malaria transmission over KwaZulu-Natal province. Several studies [2, 45, 46] have highlighted the importance of migration, relative humidity, land cover, irrigation and deforestation mosquito abundance and malaria incidence over a region. We therefore leave these aspects for further studies.

    

  


  
    
      ETHICS APPROVAL AND CONSENT TO PARTICIPATE


      Not applicable.

    


    
      HUMAN AND ANIMAL RIGHTS


      No animals/humans were used for studies that are the basis of this research.

    


    
      CONSENT FOR PUBLICATION


      Not applicable.

    


    
      CONFLICTS OF INTEREST


      The authors declare that they have no competing interests.

    


    ACKNOWLEDGMENTS


    This project was supported by the Fogarty International Center of the National Institutes of Health (NIH) under Award Number D43TW009343 and the University of California Global Health Institute (UCGHI). The content is solely the responsibility of the authors and does not necessarily represent the official views of the NIH or UCGHI. Kazeem O. Okosun will also like to acknowledge the support of National Research Foundation (NRF) through grant number 115029.


    REFERENCES


    
      
        	

        	
      


      
        	[1]

        	WHO, 2015. World Malaria Report: World Health Organization2015 Available from: http://www.who.int/malaria/publications/world-ma.aria-report-2015/report/en/.
      


      
        	[2]

        	Ermert V.. 2010Risk assessment with regard to the occurrence of malaria in Africa under the influence of observed and projected climate change
      


      
        	[3]

        	Cazelles B., Chavez M., McMichael A.J., Hales S.. Nonstationary influence of El Niño on the synchronous dengue epidemics in Thailand.PLoS Med.200524e10610.1371/journal.pmed.002010615839751
      


      
        	[4]

        	McCarthy J.J., Canziani O.F., Leary N.A., Dokken D.J., White K.S.. Impacts, adaptation, and vulnerability, United Nations Intergovernmental Panel on Climate Change.Clim. Change20012001
      


      
        	[5]

        	McMichael A.J., Woodruff R.E., Hales S.. Climate change and human health: Present and future risks.Lancet2006367951385986910.1016/S0140-6736(06)68079-316530580
      


      
        	[6]

        	Patz J.A., Campbell-Lendrum D., Holloway T., Foley J.A.. Impact of regional climate change on human health.Nature2005438706631031710.1038/nature0418816292302
      


      
        	[7]

        	Pascual M., Cazelles B., Bouma M.J., Chaves L.F., Koelle K.. Shifting patterns: Malaria dynamics and rainfall variability in an African highland.Proc. Biol. Sci.2008275163112313210.1098/rspb.2007.106817999952
      


      
        	[8]

        	Hay S.I., Cox J., Rogers D.J., Randolph S.E., Stern D.I., Shanks G.D., Myers M.F., Snow R.W.. Climate change and the resurgence of malaria in the East African highlands.Nature2002415687490590910.1038/415905a11859368
      


      
        	[9]

        	Zhou G., Minakawa N., Githeko A.K., Yan G.. Association between climate variability and malaria epidemics in the East African highlands.Proc. Natl. Acad. Sci. USA200410182375238010.1073/pnas.030871410014983017
      


      
        	[10]

        	Laneri K., Paul R.E., Tall A., Faye J., Diene-Sarr F., Sokhna C., Trape J.F., Rodó X.. Dynamical malaria models reveal how immunity buffers effect of climate variability.Proc. Natl. Acad. Sci. USA2015112288786879110.1073/pnas.141904711226124134
      


      
        	[11]

        	Roy M., Bouma M., Dhiman R.C., Pascual M.. Predictability of epidemic malaria under non-stationary conditions with process-based models combining epidemiological updates and climate variability.Malar. J.201514141910.1186/s12936-015-0937-326502881
      


      
        	[12]

        	Okuneye K., Gumel A.B.. Analysis of a temperature- and rainfall-dependent model for malaria transmission dynamics.Math. Biosci.2017287729210.1016/j.mbs.2016.03.01327107977
      


      
        	[13]

        	Abiodun G.J., Maharaj R., Witbooi P., Okosun K.O.. Modelling the influence of temperature and rainfall on the population dynamics of Anopheles arabiensis.Malar. J.201615136410.1186/s12936-016-1411-627421769
      


      
        	[14]

        	Barnes K.I., Durrheim D.N., Little F., Jackson A., Mehta U., Allen E., Dlamini S.S., Tsoka J., Bredenkamp B., Mthembu D.J., White N.J., Sharp B.L.. Effect of artemether-lumefantrine policy and improved vector control on malaria burden in KwaZulu-Natal, South Africa.PLoS Med.2005211e33010.1371/journal.pmed.002033016187798
      


      
        	[15]

        	Sheffield J., Goteti G., Wood E.F.. Development of a 50-year high-resolution global dataset of meteorological forcings for land surface modeling.J. Clim.200619133088311110.1175/JCLI3790.1
      


      
        	[16]

        	Abiodun G.J., Witbooi P.J., Okosun K.O.. Mathematical modelling and analysis of mosquito-human malaria model.Int. J. Ecol. Econ. Stat.2017383122
      


      
        	[17]

        	Jolliffe I.T.. Principal component analysis: A beginner’s guide-I. Introduction and application.Weather1990451037538210.1002/j.1477-8696.1990.tb05558.x
      


      
        	[18]

        	Oguntunde P.G., Abiodun B.J., Olukunle O.J., Olufayo A.A.. Trends and variability in pan evaporation and other climatic variables at Ibadan, Nigeria, 1973–2008.Meteorol. Appl.201219446447210.1002/met.281
      


      
        	[19]

        	Richman M.B.. Rotation of principal components.J. Climatol.19866329333510.1002/joc.3370060305
      


      
        	[20]

        	Walsh J.E.. Temporal and spatial scales of the Arctic circulation.Mon. Weather Rev.1978106111532154410.1175/1520-0493(1978)106<1532:TASSOT>2.0.CO;2
      


      
        	[21]

        	Reusch D.B., Mayewski P.A., Whitlow S.I., Pittalwala I.I., Twickler M.S.. Spatial variability of climate and past atmospheric circulation patterns from central West Antarctic glaciochemistry.J. Geophys. Res. D Atmospheres1999104D65985600110.1029/1998JD200056
      


      
        	[22]

        	Torrence C., Compo G.P.. A practical guide to wavelet analysis.Bull. Am. Meteorol. Soc.1998791617810.1175/1520-0477(1998)079<0061:APGTWA>2.0.CO;2
      


      
        	[23]

        	Cazelles B., Chavez M., Magny G.C., Guégan J.F., Hales S.. Time-dependent spectral analysis of epidemiological time-series with wavelets.J. R. Soc. Interface200741562563610.1098/rsif.2007.021217301013
      


      
        	[24]

        	Ujeneza E.L., Abiodun B.J.. Drought regimes in Southern Africa and how well GCMs simulate them.Clim. Dyn.2015441595160910.1007/s00382-014-2325-z
      


      
        	[25]

        	Winder M., Cloern J.E.. The annual cycles of phytoplankton biomass.Philos. Trans. R. Soc. Lond. B Biol. Sci.201036515553215322610.1098/rstb.2010.012520819814
      


      
        	[26]

        	Catalano R., Serxner S.. Time series designs of potential interest to epidemiologists.Am. J. Epidemiol.1987126472473110.1093/oxfordjournals.aje.a1147123631061
      


      
        	[27]

        	Helfenstein U.. Box-Jenkins modelling of some viral infectious diseases.Stat. Med.198651374710.1002/sim.47800501073961314
      


      
        	[28]

        	Bell M.L., Samet J.M., Dominici F.. Time-series studies of particulate matter.Annu. Rev. Public Health20042524728010.1146/annurev.publhealth.25.102802.12432915015920
      


      
        	[29]

        	Dominici F., McDermott A., Zeger S.L., Samet J.M.. On the use of generalized additive models in time-series studies of air pollution and health.Am. J. Epidemiol.2002156319320310.1093/aje/kwf06212142253
      


      
        	[30]

        	Chang C., Glover G.H.. Time-frequency dynamics of resting-state brain connectivity measured with fMRI.Neuroimage2010501819810.1016/j.neuroimage.2009.12.01120006716
      


      
        	[31]

        	Maharaj R., Mthembu D.J., Sharp B.L.. Impact of DDT re-introduction on malaria transmission in KwaZulu-Natal.S. Afr. Med. J.2005951187187416344885
      


      
        	[32]

        	Okosun K.. 2010Mathematical epidemiology of Malaria disease transmission and its optimal control analyses
      


      
        	[33]

        	Maharaj R.. Life table characteristics of Anopheles arabiensis (Diptera: Culicidae) under simulated seasonal conditions.J. Med. Entomol.200340673774210.1603/0022-2585-40.6.73714765646
      


      
        	[34]

        	Sena L., Deressa W., Ali A.. Correlation of climate variability and malaria: A retrospective comparative study, southwest Ethiopia.Ethiop. J. Health Sci.201525212913810.4314/ejhs.v25i2.526124620
      


      
        	[35]

        	Mohammadkhani M., Khanjani N., Bakhtiari B., Sheikhzadeh K.. The relation between climatic factors and malaria incidence in Kerman, South East of Iran.Parasite Epidemiol. Control20161320521010.1016/j.parepi.2016.06.001
      


      
        	[36]

        	Bi P., Tong S., Donald K., Parton K.A., Ni J.. Climatic variables and transmission of malaria: A 12-year data analysis in Shuchen County, China.Public Health Rep.20031181657110.1016/S0033-3549(04)50218-212604766
      


      
        	[37]

        	Wangdi K., Singhasivanon P., Silawan T., Lawpoolsri S., White N.J., Kaewkungwal J.. Development of temporal modelling for forecasting and prediction of malaria infections using time-series and ARIMAX analyses: a case study in endemic districts of Bhutan.Malar. J.20109125110.1186/1475-2875-9-25120813066
      


      
        	[38]

        	Zhang Y., Bi P., Hiller J.E.. Meteorological variables and malaria in a Chinese temperate city: A twenty-year time-series data analysis.Environ. Int.201036543944510.1016/j.envint.2010.03.00520409589
      


      
        	[39]

        	Poveda G., Rojas W., Quiñones M.L., Vélez I.D., Mantilla R.I., Ruiz D., Zuluaga J.S., Rua G.L.. Coupling between annual and ENSO timescales in the malaria-climate association in Colombia.Environ. Health Perspect.2001109548949311401760
      


      
        	[40]

        	Bouma M.J., van der Kaay H.J.. Epidemic malaria in India and the El Niño southern oscillation.Lancet199434489371638163910.1016/S0140-6736(94)90432-47984012
      


      
        	[41]

        	Bouma M.J., Dye C.. Cycles of malaria associated with El Niño in Venezuela.JAMA1997278211772177410.1001/jama.1997.035502100700419388155
      


      
        	[42]

        	Craig M.H., Snow R.W., le Sueur D.. A climate-based distribution model of malaria transmission in sub-Saharan Africa.Parasitol. Today (Regul. Ed.)199915310511110.1016/S0169-4758(99)01396-410322323
      


      
        	[43]

        	Craig M.H., Kleinschmidt I., Le Sueur D., Sharp B.L.. Exploring 30 years of malaria case data in KwaZulu-Natal, South Africa: Part II. The impact of non-climatic factors.Trop. Med. Int. Health20049121258126610.1111/j.1365-3156.2004.01341.x15598257
      


      
        	[44]

        	Craig M.H., Kleinschmidt I., Le Sueur D., Sharp B.L.. Exploring 30 years of malaria case data in KwaZulu-Natal, South Africa: Part II. The impact of non-climatic factors.Trop. Med. Int. Health20049121258126610.1111/j.1365-3156.2004.01341.x15598257
      


      
        	[45]

        	Githeko A.K., Lindsay S.W., Confalonieri U.E., Patz J.A.. Climate change and vector-borne diseases: A regional analysis.Bull. World Health Organ.20007891136114711019462
      


      
        	[46]

        	Lunde T.M., Korecha D., Loha E., Sorteberg A., Lindtjørn B.. A dynamic model of some malaria-transmitting anopheline mosquitoes of the Afrotropical region. I. Model description and sensitivity analysis.Malar. J.20131212810.1186/1475-2875-12-2823342980
      

    

  


  

OEBPS/Images/TOIDJ-10-88_F4.jpg
g 8888

Seses suereN

Sep203

Sep 2002

g
£





OEBPS/Images/cover.jpg
ISSN:

The Open
Infectious Diseases
Journal

V
BENTHAM OPEN






OEBPS/Images/TOIDJ-10-88_inleq2.jpg





OEBPS/Images/TOIDJ-10-88_F2.jpg
(ww) yejurey

(b)

B
)

) oxmesodum ueow ke

s

Time (years)





OEBPS/Images/TOIDJ-10-88_eq1.jpg
L = on+ prn R — (B + 1) Sh
2B = By — (pm, + 1) En
D = pi, Bn — (p1, + pn + ) I
= pi,n — (pr, + pn) Ri
L = n(pa,Ao + pr.1u) = (pe + pe) E
4L = p.E—(pp+p(1+ L/K))L
= prL — (pp + pp)P
dA;. =ppP+pa, Ao — (B + Dy + pa, +

“/" = DAy — (pa, + pa, + p)A,

Qo — p1, Ar = (pa, + pa, + 9) Ao
dE, __
Lo = B, Ay — (pe, + pe, + 9)Es

L = pp, By — (1, + 9) 1

©)An





OEBPS/Images/TOIDJ-10-88_F1.jpg





OEBPS/Images/TOIDJ-10-88_inleq4.jpg





OEBPS/Images/TOIDJ-10-88_F6.jpg
ER
2 8§ 8 8 8 - % % § 3 %
O
—] V002 %
o — x
e 2002 x
— %
—— x
. — xe
s 8661 X © L e
—p— R
. % s 5, 00 5, 2
——— x §555
— 66T * mmex
% e e—
e 2661 xo
o —
—e e 0G6T e
———
e
— x
P —
— x
— 56T xo
S p— L
e 86T . x
—— xe
e— L x
@ —
—— 6D .
N s o T
e [P x
—— x
—— 06T ®
— x o
—— K714 M
e [ i x
= —— e x
~ = @ T 8 o & T @ @ o
s S s =& s ¢ S 3






OEBPS/Images/TOIDJ-10-88_F8.jpg
Period (days)

1980

s 1990
Time (years)

1995

2000

205"





OEBPS/Images/TOIDJ-10-88_F5.jpg
Moraytran ()

poriod (Vo)

pered Yoo

npaemonm)

Poos (Yew)

[r——)

1975

1975

o

E
Pou

@0 15 1990
s

1980

o ) iy
'Power (felative to global)

c. Global Wavelat

3

T 10 10
Variance (mm)’

T 10 10
Variance (oC)"

d. Global Wavelet

0 0 0
Variance (per mantn)’

o

0





OEBPS/Images/TOIDJ-10-88_inleq3.jpg





OEBPS/Images/TOIDJ-10-88_F3.jpg
51+ LIK)





OEBPS/Images/TOIDJ-10-88_inleq1.jpg
0.000203T,(T, — 11.7)\V42.3 =T





OEBPS/Images/TOIDJ-10-88_F7.jpg
Period (days)

Time (years)





OEBPS/Images/TOIDJ-10-88_eq2.jpg
1My ()

Rey(fi0) =
v VW) 2 1 (W (0) 12





