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Abstract 

Endemic cholera demonstrates bimodal seasonality in Bangladesh, peaking just before 

and after the monsoon every year. While this temporality has been researched extensively, 

geospatial trends have received less attention in the current literature. This paper explores the 

annual spatiotemporal trajectory of endemic cholera in the near-coastal, rural community of 

Matlab, Bangladesh using 10 years of geographically referenced survey data from the 

International Centre of Diarrheal Disease Research, Bangladesh (ICDDR,B). Cases were plotted 

in time and space, and Getis-Ord Gi* was utilized to quantify geospatial clustering of disease 

from one month to the next. Our analysis indicates that villages closer to the Meghna River in the 

southeast region of the study area experience greatest overall cholera incidence and statistically 

significant, positive case clustering (p = .05). April/May and November/December represent 

25% and 23% of total annual case counts respectively. The first and second peaks also represent 

19% and 20% of positive case clusters respectively, all of which are within the southeast corner 

of the study area. Such initial results demonstrate great promise in advancing our present 

knowledge of endemic cholera in Bangladesh. By improving our understanding of cholera 

proliferation, disease mitigation resources can be distributed to the most susceptible areas when 

they need them most. The next step forward involves the use of mobile health (mHealth) case 

surveillance for real-time spatiotemporal cholera data acquisition and forecasting model 

development. 
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Problem Statement 

Cholera is a waterborne diarrheal disease endemic to Bangladesh, resulting in 1 million 

diagnoses annually [1]. Such disease burden results in incalculable lost wages and treatment 

expenses, taken from the pockets of an already impoverished society. Two seasonally correlated 

outbreaks of cholera occur in Bangladesh every year [2, 3]. In the spring and early summer, the 

Bay of Bengal – which serves as a natural reservoir for the cholera bacteria – flows inland, 

causing the first outbreak amongst coastal communities [4]. Waste containing the cholera 

bacteria enters the sewage system and remains untreated due to poor water and sanitation 

infrastructure. Therefore, during the following monsoon season, flooding of cholera-

contaminated sewage into drinking water sources results in a second outbreak [3, 5]. Clearly, 

cholera is propagated by both environmental and infrastructural determinants, but explanations 

of its etiology are often grounded in one perspective or the other. Contagionists emphasize the 

role of man and the sanitary conditions around him as the most significant promoter of disease 

transmission. Meanwhile, localists concentrate on the environmental and spatiotemporal drivers 

of the disease [6].  

Today, it is evident that poor sanitation and hygiene are important factors in the 

transmission of cholera in an infrastructure-poor country like Bangladesh [7]. However, the 

complex environmental factors that affect cholera are yet to be conclusively determined, despite 

over a hundred years of research in the region dedicated to the task. The bimodal seasonality of 

cholera in Bangladesh suggests that environmental factors, such as rainfall, humidity, 

temperature, sunlight and pH, play an important role in the temporal and geospatial distribution 

of annual outbreaks ([8] – [11]). 
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While temporal trends and their environmental causes have been researched extensively 

in Bangladesh, geospatial trends have received less attention. The aim of our ongoing study is to 

systematically analyze georeferenced cholera incidence data and examine the temporal and 

geospatial trajectory of cholera in Bangladesh. Here, we present both visual and statistical 

representations of cholera incidence data from our pilot study in Matlab, Bangladesh and discuss 

spatiotemporal trends in the study area by considering known hydroclimatic drivers of disease, 

including temperature, rainfall, and humidity. 

 

Methods 

10 years of cholera incidence data (2000-2009) were acquired from hospital surveys 

conducted by the International Centre of Diarrheal Disease Research, Bangladesh (ICDDR,B) in 

Matlab thana1, a near coastal Bangladeshi community. Statistical Package for the Social 

Sciences (SPSS) was used to extract the information of interest from the ICDDR,B data set: 

patient’s diagnosis status, date of diagnosis (D/M/Y), and village code for the patient’s village of 

residence. Only positively diagnosed cholera patients who sought care at the ICDDR,B clinics 

were included in the analysis (n = 1906). Patients represented all 142 villages within the 

governmental parameters of Matlab thana. 

Monthly aggregate incidence per village was calculated by adding the number of positive 

cases for each village in a given month from 2000 to 2009 (Figure 1). Total aggregate incidence 

for each village was also calculated by adding the number of positive cases for each village from 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
1 A thana or upazila is a subdistrict similar to a county subdivision and serves as the second lowest tier of regional 
administration in Bangladesh. 
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2000 to 2009 (Figure 2)2. Figures 1-2 were created using Statplanet3, an online open source 

software that enables users to easily create geospatial time series animations using a Geographic 

Information System (GIS) shapefile as a base. The study area shapefile, which incorporates 

parameters of each village, was created in ArcGIS using geospatial data from Center for 

Environmental and Geographic Information Services Bangladesh (CEGISBD). These 

visualizations make spatiotemporal trends in the data more accessible and interpretable for a 

wide variety of readers outside of the scientific community. To demonstrate spatiotemporal 

trends with a greater deal of statistical precision and accuracy, the data and the shapefile were 

also analyzed using a Getis-Ord Gi* test for cluster analysis in ArcGIS geospatial statistical 

software.  

In this study, a case cluster is defined as a village that has a statistically dissimilar case 

counts relative to its neighbors4. The Getis-Ord Gi* statistic is a tool that aids in the 

identification of case clusters with values higher than what one may expect by chance alone. The 

output of the function is a z-score for each village, which represents the statistical significance of 

case clustering experienced by the village. The greater the absolute value of the z-score, the more 

significant the clustering phenomenon. Positive values indicate higher-than-expected case 

incidence, while negative values signal less susceptible areas. For the purposes of our study, we 

have chosen a significance level of p = .05. [-1.96, 1.96] are the lower and upper bounds beyond 

which z-scores are considered statistically significant.  

After calculating and plotting the Gi* test z-scores in ArcGIS against the shapefile, 

Figures 3-4 were produced. Figure 3 utilizes aggregate cases by month for the 10-year study 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
2 Daily aggregate incidence for each village was also calculated by adding the number of positive cases for each 
village on a given day from 2000 to 2009. Daily aggregate cases were then plotted and animated to mimic finer-
scale spread of cholera over the course of a year using StatPlanet. 
3 http://www.statsilk.com/software/statplanet 
4 In this analysis, a fixed band distance that encompasses the entirety of the study area was used. 
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period, while Figure 4 uses all cases over the 10-year study period. Villages with z-scores 

outside this range experience case clustering that has ≤5% probability of occurring by chance 

and are demarcated by color in Figures 3-4. 

To provide a hydroclimactic context for our visual and statistical findings, environmental 

data was acquired from the Bangladesh Agricultural Research Council (BARC) to create Figure 

5.5 Mean rainfall (millimeters), humidity (percent), and maximum temperature (degrees Celsius) 

for a given month were averaged from years 2000 to 2008. They were then plotted against case 

and cluster numbers using self-scaled sparkline histograms. 

 

Results 

a. Temporal 

Temporal trends show that cholera case count in the region is highest in late spring and 

late fall (Figure 5). April/May and November/December represent 25% and 23% of total annual 

case counts respectively (Figure 5). The number of villages that exhibit positive, statistically 

significant case clusters is highest in April (Figure 3D) and lowest in February (Figure 3B), 

which corresponds with the highest (Figure 1D) and lowest absolute case count (Figure 1B), 

respectively. Incidence is lowest from January to March (Figure 1A-C) and highest between 

April and May (Figure 1D-E). Cases taper, reaching a lull between July and August (Figure 1G-

H). However, the number of positive, statistically significant case clusters remains quite high 

during this time (Figures 3G-H). This said, two low-cluster months immediately follow (Figures 

3I-J), which correspond with mid-level case count (Figures 1I-J). Both case and cluster count 

peak again between November and December (Figures 1K-L; Figures 3K-L).  

 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
5 http://www.barc.gov.bd/data_stat.php!
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b. Geospatial 

Geospatially, cases generally originate in the southeast corner of the study region near the 

mouth of the Meghna River (Figures 2 and 4). In May, June, July, and August all Getis-Ord Gi* 

case clusters are positive and statistically significant (p = .05) and positioned continuously 

(adjacent to one another) in the southeast corner of the study region (Figures 3E-H). Other 

months exhibit more disparate spread in clustering, but statistically significant positive case 

clusters continue to occur primarily in the southern half of the study region. The north-most 

eastern and western corners exhibit negative clustering during peak incidence (Figures 3D-E; 

Figures 3K-L); however, by the Getis-Ord Gi* test, the difference in case clustering between 

these least-affected villages, shown in gray, and the remainder of the study region is not 

significant. 

 

Discussion 

In Matlab, cholera incidence demonstrates bimodal seasonality (Figure 5) and disease 

clustering is primarily concentrated around the Meghna Delta (Figures 2 and 4). Case clustering 

is more geographically disperse in the early fall and late winter  (Figure 5), but at peak incidence, 

incidence clusters in the southeast corner of the study region (Figures 3D-E; Figures 3K-L). 

Though water and sanitation accessibility certainly impact the spatiotemporal trends presented, 

here we consider hydroclimatic factors from the present literature to better understand our results.  

 

a. Bimodal Seasonality 

As represented in Figure 5, cholera in Matlab consists of four distinct periods: (1) an 

initial dip in case count from January to March, (2) the first peak between April and May, (3) a 
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second dip from June to October, and (4) a second peak from November to December. These 

four periods correspond to four markedly different climates in Bangladesh [11]. Thus, climatic 

drivers of the Vibrio cholerae bacteria may influence seasonality of the disease in Bangladesh. 

January and February have the lowest number of cases, which together experience only 

6% of total annual cases of cholera (Figure 5). Reduced incidence may be attributed to 

characteristically low temperatures and sunlight during these months, resulting 

in decreased phytoplankton availability. Phytoplankton is the primary food source of the 

copepod, a type of zooplankton serves as a natural host to V. cholerae. The bacteria have been 

found within the carapace and gut of the copepod, possibly using chitin from copepods for 

protection and sustenance. [12]  

Between April and May, temperature, rainfall, and humidity slowly begin to rise, which 

corresponds with increased cholera incidence (Figure 5). April exhibits the greatest caseload, and 

25% of all cases occur between April and May. Increases in temperature and sunlight correspond 

with phytoplankton blooms, bringing forth zooplankton availability and decreasing pH to a state 

more ideal for V. cholerae proliferation [13]. Because moderate – but not high – humidity is 

associated with increase cholera incidence, case counts may be attributable in part to slight 

spring season increases in rainfall and humidity in the spring months [4, 14]. 

As summer leads into the monsoon season (June to October), there is a drop in cholera 

incidence (Figure 5). This second nadir is notably correlated with increased rainfall and humidity 

levels. While V. cholerae requires brackish water for survival, the monsoon results in dilution of 

the aquatic environment, reducing salinity past the optimal range tolerated by the bacterium [9, 

15]. Because several thousand bacteria must be ingested in order for the disease to manifest, 
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dilution may also result in decreased rates of infection due to reduced V. cholerae concentrations 

in the water [16, 17].  

Humidity and rainfall begin to fall during the autumn months from October to December, 

while nutrient concentrations increase. Reduced rainfall allows for optimal salinity to be 

reestablished. Meanwhile, because of the reduction in phytoplankton during the monsoon season, 

nutrients are able to accumulate within the aquatic environment. As nutrient concentrations 

increase, so too do the plankton populations (Figure 5). The rise in plankton numbers is 

associated cholera incidence during the second crest. 

 

b. Cluster Analysis 

Our results also demonstrate geospatial annual variance of cholera incidence in the study 

region. Clustering of disease is disperse and comparatively scarce in January and February 

(Figures 3A-B). This is consistent with Ruiz-Moreno et al. (2010) [16], which previously 

established that non-epidemic periods of disease have a near-random geospatial distribution of 

cases. However, clustering increases in April (Figure 3D) alongside the first peak in case count 

(Figure 1D). Clusters appear primarily near the Meghna River, indicating that the onset of the 

first incidence peak may be due to the aforementioned hydroclimatic drivers that affect the 

concentration of V. cholerae in the aquatic environment. Ruiz-Moreno et al. found that initial 

outbreaks – or incidence peaks – can be explained by primary transmission from the aquatic 

environment, while clustering during non-epidemic periods is due to non-environmental factors. 

Despite a drop in case count due to the monsoon season, June through August continue to 

yield a high prevalence of clusters, primarily in the southern portion of the study region (Figures 

3E-H). There are two possible reasons for this; this area is closest in proximity to (1) the mouth 
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of the river, and (2) the ICDDR,B main campus hospital and subcenter clinics (Figure 2). While 

bacteria concentration is low, those living closest to the natural reservoir are far more likely to 

contract the disease than their neighbors who live further away from the river, resulting in 

statistically significant positive clusters. Likewise, those closest to the ICDDR,B treatment 

facilities that collected the data used in this study are more likely to seek treatment than those 

who must travel further. When annual aggregate cases are plotted against a map of the area of 

interest (Figure 2), case density is quite high near the ICDDR,B hospital and the three subcenters 

that are closest to the mouth of the Meghna River (southwest corner). However, the northernmost 

ICDDR,B subcenter experiences very low case density, which may be due to its distance away 

from the base of the river (Figure 2). 

In the months of September and October, there is a dip in clustering despite the fact that 

incidence begins to increase in preparation for the second peak (Figure 5). This dip in clustering 

indicates a near-random geospatial distribution of cases and suggests that this period of 

increasing incidence is still non-epidemic in nature. Clustering rises again with incidence in 

November and December near the base of the river (Figures 1K-L; Figures 3K-L), which is 

consistent with the notion that incidence during epidemic peaks can be attributed to 

hydroclimactic factors such as temperature, rainfall, and humidity [16]. 

However, even within the southeastern corner, some villages show a higher case count 

than others (Figure 4). This may be due to socioeconomic determinants, which influence access 

to the water and sanitation infrastructure necessary for preventing the disease [18 – 20]. The 

influence of socioeconomic status on cholera status in Bangladesh was established by Reiner et 

al. (2011), which demonstrated that sensitivity to climate-induced variance in endemic cholera 

was greatest in the poorer, more population dense regions [21]. To predict geospatial variance of 
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cholera in the study region at a finer scale, socioeconomic distribution must be analyzed to 

complement hydroclimatic factors. 

 

Conclusion 

Our initial results demonstrate great promise in advancing the current understanding of 

how cholera proliferates spatiotemporally in Bangladesh. Work to predict the temporal 

progression of cholera by monitoring plankton concentrations is already in progress. However, 

despite the extensive work in modeling and predicting temporal trends, there exists a space for 

the explicit modeling of spatial trends. Our findings show that cholera incidence in Matlab, 

Bangladesh has clear spatial trends. Further research is necessary to explain these trends more 

comprehensively.  

The next step in our ongoing study is to create a spatiotemporal predictive model with 

real-time incidence data using mobile health technologies (mHealth) and real-time climatic and 

ecological data. Collection of more expansive data, coupled with a predictive model based on 

data from the Matlab region, could allow for a more targeted nationwide approach to cholera 

prevention. Such a predictive model will make it possible to redistribute disease-mitigation 

resources to regions that are most susceptible to cholera, maximizing impact in a resource-poor 

setting. 

 

Description of Agency 

This Applied Learning Experience (ALE) was conducted at the Institute for Global 

Leadership (IGL). The mission of the IGL is to “prepare new generations of critical thinkers for 

effective and ethical leadership”. It serves as an incubator for Tufts University students who are 
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interested in active engagement and citizenship. Upon admission into the IGL, students undergo 

rigorous academic training and experiential learning through skill-building seminars, self-

directed research, and simulations in preparation for a themed annual symposium. 

The theme for the 2012-2013 IGL Symposium was Global Health and Security. As part 

of the curriculum, students were expected to choose a relevant problem of interest for a yearlong 

research project and develop the necessary skills to address it. Three IGL students proposed a 

project involving the exploration of waterborne disease through spatial epidemiology techniques 

to Sherman Teichman, director of the Institute and ALE preceptor. During my ALE, I served as 

an organizer and mentor for this project. 

Because of the 2012-2013 theme, Mr. Teichman assigned me with the task of acquiring 

relevant georeferenced global health data that could be analyzed using spatial epidemiology 

techniques. Given the students’ interest in water-related pathogens, cholera in Bangladesh was a 

natural choice. My own research in Bangladesh enabled me to acquire the data necessary to 

address the research questions outlined in this paper. 

Through the course of the ALE, the IGL students learned fundamentals of SPSS, 

StatPlanet, and ArcGIS via hands-on, data-driven activities (Appendix A). Though I conducted 

all analyses presented in this paper, they verified the Results presented here by repeating my 

procedures and contributed intellectually to the Discussion. We plan to submit a manuscript 

based off of our findings to PLOS ONE in the near future.  
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Figure Legends 
 
Figure 1. Aggregate monthly incidence of cholera cases in Matlab, Bangladesh (2000-2009) 
Figures 1A – 1L demonstrate the aggregate number of diagnosed cholera cases per month in 
Matlab, Bangladesh from 2000 to 2009. The figures are chronologically ordered from January 
(Figure 1A) to December (Figure 1L). In Figure 1A for example, the number of cases for a given 
village was calculated by aggregating all the cases that occurred in that village for January of 
each year using data from the ICDDR,B (International Centre of Diarrheal Disease Research, 
Bangladesh). 
 
Figure 2. Aggregate annual incidence of cholera cases in Matlab, Bangladesh (2000-2009) 
Figure 2 shows the total aggregate number of diagnosed cholera cases in Matlab, Bangladesh 
from 2000 to 2009. The number of cases for a given village was calculated by aggregating all the 
cases that occurred in that village from 2000 to 2009 using data from the ICDDR,B. ICDDR,B 
clinics are demarcated. 
 
Figure 3. Monthly clustering of cholera cases in Matlab, Bangladesh (Aggregate, 2000-
2009) 
Figures 3A – 3L show the number of Getis-Ord Gi* clusters per month in Matlab, Bangladesh, 
after aggregating case data from the ICDDR,B (2000 – 2009). The figures are chronologically 
ordered from January (Figure 3A) to December (Figure 3L). A cluster is a village that is 
statistically dissimilar when compared to neighboring villages with respect to cholera incidence. 
Clusters are ranked by z-scores; above 1.96 and below -1.96, villages are considered to be 
positive and negative clusters, respectively (p = .05). Positive clusters are those with higher than 
expected case count, while negative clusters are those with less than expected case count. 
 
Figure 4. Annual clustering of cholera cases in Matlab, Bangladesh (Aggregate, 2000-2009) 
Figure 4 demonstrates the number of Getis-Ord Gi* clusters in Matlab, Bangladesh, after 
aggregating case data from the ICDDR,B (2000 – 2009). Clusters are ranked by z-scores; above 
1.96 and below -1.96, villages are considered to be positive and negative clusters, respectively (p 
= .05). Positive clusters are those with higher than expected case count, while negative clusters 
are those with less than expected case count. 
 
Figure 5. Environmental drivers of cholera incidence and clustering in Matlab, Bangladesh 
Monthly mean rainfall (mm), temperature (°C), and humidity (%) in Bangladesh were averaged 
over the years 2000 to 2008. The number of cases represents the aggregate number of diagnosed 
cholera cases per month in Matlab, Bangladesh from 2000 to 2009 using data from the ICDDR,B. 
The number of clustered villages represents the aggregate number of villages that show 
statistically significant positive clustering per month. The sparkline histograms are scaled by the 
highest value for the given variable (i.e. temperature) to model relative annual trends among the 
environmental drivers, cases, and clusters. 
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Applied Learning Experience Work Plan 
Maimuna S. Majumder 
Appendix A: Timeline of Activities 

!

Activity January February March April May 
 
Activities for ALE Implementer Only  
 
Refresh and practice ArcGIS, SPSS, and 
StatPlanet skills 

         

Produce step-by-step SPSS and StatPlanet 
analysis guide and syllabus for IGL students 

         

Using ArcGIS, create shapefile from 
CEGISBD data for Matlab, Bangladesh 

         

Conduct thorough literature review of cholera 
transmission dynamics in Bangladesh 

      

Produce generalized StatPlanet protocol for 
future IGL students 

    

 
Activities with Students 
 
Exploratory data analysis of ICDDR,B 
cholera data using SPSS 

         

Distill ICDDR,B cholera data (2000-2009) 
into monthly aggregate SPSS files 

         

Using StatPlanet, create monthly aggregate 
cholera incidence visualizations 

        

Present monthly aggregate visualizations at 
IGL Global Health and Security Symposium 

         

Construct simulated visualization map using 
daily aggregate cholera data in StatPlanet 

                     

Run cluster analysis in ArcGIS using 
shapefile and monthly aggregate SPSS files 

        

Begin preparing manuscript of project results 
for PLOS ONE 

   

Polish project products and prepare final 
presentations (for ALE & IGL) 

        

 


