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GIS for survey data visualization 
Through visualizing geolocated epidemiological data (which may be derived from prevalence 

surveys) you can identify spatial trends, patterns and generate hypotheses about the data. A 

comprehensive QGIS tutorial developed by the Global Atlas of Helminth Infections is available 

here1. A free copy of QGIS can be downloaded here2. 
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Preface 

This guide aims to provide spatial and statistical analysis techniques for interpreting spatial 

patterns in survey data. We have attempted to provide simple techniques that do not require 

advanced geostatistical skills. However, the users of this guide need to have a good classical 

statistics and spatial-analysis background. Knowledge of geographical information system (GIS) 

and geodata manipulation is also required to follow this guide. It is not in the scope of this 

document to provide statistical and GIS background. However, footnotes contain suggested 

articles and books to improve readers’ background are included.  

The analyses example in this guide uses simulated data and all the analyses were performed with 

opensource software such as QGIS and Jamovi (GUI interface to R language). However, the same 

analysis can be performed using commercial software such as ArcGIS, SAS, or STATA.   

This guide will serve as a primer leading into future work; creating survey regions by leveraging 

survey results and other geospatial data. These maps can be leveraged to assist decision making 

in areas with on-going persistent transmission after multiple treatment rounds and to identify 

potential areas at high risk of recrudescence after a location has passed the elimination steps.   

Key definitions 

Village: For consistency we will refer to first sampling-stage survey locations as villages. 

Depending on the disease of interest this term may equate to a different type of survey site. 

Spatial heterogeneity: uneven distribution and magnitude of events in an area. The opposite of 

spatial heterogeneity is random and generally evenly distributed events. 

Clustering: a geographically bound group of village survey sites sufficiently large and 

concentrated to be unlikely to have occurred by chance. 

Hot-spot: a clustering of village survey sites with prevalence significantly higher than surrounding 

areas. 
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Understanding the survey dataset  

Trachoma   

Trachoma baseline, impact and surveillance surveys are designed to determine if evaluation unit 

(EU) level prevalence of trachomatous inflammation follicular (TF) in 1-9 year-olds is less than 5% 

and trachomatous trichiasis (TT) in adults 15 years and older is less than 0.2%. The World Health 

Organization recommends a population based prevalence survey (PBPS) using two-stage cluster 

sampling. This usually involves (i) selection of villages as the first sampling-stage; and (ii) selection 

of households as the second sampling-stage. There should be between 20 and 30 first-

stage villages. Further details can be found here3.   

LF   

The Transmission Assessment Survey (TAS) is a population-based cluster or systematic survey of 

6-7 year-olds used to assess whether transmission has fallen below the threshold at which 

infection can persist.  A TAS takes place in an EU, which is usually equal to a district or collection 

of epidemiologically similar districts. The TAS uses a lot quality assessment approach and thus is 

not powered to calculate a true prevalence. If net school enrollment is over 75% then the survey 

is school-based otherwise it is community-based. The critical cut off value is calculated depending 

on the population of children in the target age range.  Further details can be found here4. 

 

3 https://apps.who.int/iris/bitstream/handle/10665/275523/WHO-HTM-NTD-PCT-2018.07-eng.pdf?ua=1 

4https://apps.who.int/iris/bitstream/handle/10665/44580/9789241501484_eng.pdf;jsessionid= 
9544B60FE5C41437  95C2265647FCAC65?sequence=1 

https://apps.who.int/iris/bitstream/handle/10665/275523/WHO-HTM-NTD-PCT-2018.07-eng.pdf?ua=1
https://apps.who.int/iris/bitstream/handle/10665/44580/9789241501484_eng.pdf;jsessionid=9544B60FE5C4143795C2265647FCAC65?sequence=1
https://apps.who.int/iris/bitstream/handle/10665/275523/WHO-HTM-NTD-PCT-2018.07-eng.pdf?ua=1
https://apps.who.int/iris/bitstream/handle/10665/44580/9789241501484_eng.pdf;jsessionid=%209544B60FE5C41437%20%2095C2265647FCAC65?sequence=1
https://apps.who.int/iris/bitstream/handle/10665/44580/9789241501484_eng.pdf;jsessionid=%209544B60FE5C41437%20%2095C2265647FCAC65?sequence=1


5 | P a g e  
 

Map layout 

We start by plotting the sampled locations 

and study area. A map should include a 

minimum number of features to keep the 

image clean and easy to understand. It 

should contain a legend explaining all the 

symbols and we suggest adding a scale bar 

and North arrow if the map will be shared 

with people who do not know the study 

area. Figure 1 shows a simple and clear 

map of the sampled locations and study 

area made with QGIS. 

 

Explore spatial heterogeneity 

In Figure 1 the spatial pattern of the points appears to show good coverage of the entire study 

area. However, the absence of clustered points (ie. oversampled area) can be tested by 

applying several methods.  

Here are a few statistical tests which can be used to identify clustering: 

• G function: based on distance of each point to its nearest neighbors5 

• F function: based on distance from a fixed reference location to the nearest data point6 

• K function: based on distance between all pairs of points7 

 

 

5 Diggle, Peter J. Statistical analysis of spatial point patterns. Academic press, 1983. 

6 Gatrell, Anthony C., Trevor C. Bailey, Peter J. Diggle, and Barry S. Rowlingson. "Spatial point pattern analysis and its 
application in geographical epidemiology." Transactions of the Institute of British geographers (1996): 256-274. 

7 Baddeley, Adrian, Pablo Gregori, Jorge Mateu, Radu Stoica, and Dietrich Stoyan, eds. Case studies in spatial point 
process modeling. Vol. 185. Berlin: Springer, 2006. 

 

Figure 1. Study areas and sampled locations. 

 



6 | P a g e  
 

While these tests can identify spatial clustering, a geostatistical understanding is required to 

apply them appropriately and interpret the outputs. A simpler method to investigate clustering 

is to plot distance frequency between points and their nearest neighbors. The distance 

frequency of points that are equally distant (even-spaced, non-clustered) look like a normal 

distribution. When the distribution shows a non-normal shape, this suggests clustering. In our 

simulated data, the distance frequency of the sampled locations to their nearest neighbors 

looks like a normal distribution (Figure 2A). We can conclude that there is not clustering, and 

the sampled locations are well distributed. Figure 2B does not look like a normal distribution 

and suggests there may be clustering of sampled locations in our study area. 

 

Figure 2. Study areas and sampled locations. A: non-clustered and B: clustered sampled locations. 
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When clustering is detected, we need to identify the cause. Clustering could be indicative of 

improperly geolocated data, errors in data collection, population distribution or artifacts of the 

geographic structure of the study area. To further understand why patterns may be present, 

we add features to the map (Figure 3). There is a national park located in example A, explaining 

the apparent clustering (ie. population distribution) and the points appear to be following a 

road in example C, which could mean a mistake in data collection. 

  

Figure 3. Visual investigation of clustered patterns. 

We have created a map of sampled 

locations and district boundaries (Figure 

4) which we will carry forward in the 

next examples. This map shows a 

reasonable distribution of sampled 

locations within the districts and we 

have checked that the sampling covers 

the study area sufficiently through 

visualizing the normal distribution of 

distance frequency of the sampled 

locations to their nearest neighbors 

(Figure 2A). 

 

 

Figure 4. Study area sampled locations and districts 
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Investigate disease prevalence 

After checking the coverage of the sampled locations, the next step is to map disease values. 

The simulated data represents the village-level prevalence of a hypothetical infectious disease. 

We first create a map of the 

village-level prevalence at each 

sampled location. We have 

overlaid district boundaries. The 

map suggests that our simulated 

village-level prevalence data has 

spatial heterogeneity. We 

observe areas of both high and 

low prevalence scattered 

throughout the study area 

(Figure 5). 

 

 

Figure 5. Village-level prevalence recorded in each district. 

The next step is to aggregate the 

village-level data to the district. 

We usually use the mean to 

aggregate data to the district-

level. When using the mean of 

village-level prevalence, two 

districts in the north of the study 

areas (Conichi and Opafuril) have 

the highest values (Figure 6). 

Lusson and Pravda have the 

lowest values.  

 

 

Figure 6. Mean village-level prevalence at the district-level. 
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However, the mean at the district-level does not capture the heterogeneity of village-level 

prevalence in each district. The village-level prevalence varies in most of the districts, as shown 

in Figure 7. The boxplot illustrates the frequency of prevalence values grouped into quartiles. 

Conichi  and Opafuril have the highest variability among the village-level prevalences. Village-

level prevalence in Conichi ranges from 0.6 to 2.4 with a tight interquartile range. Village-level 

prevalence in Opafuril ranges from 0.4 to 2.5 with a wide interquartile range. This suggest that 

both districts contain clusters of high and low prevalence and that Conichi has few outliers. 

 

Figure 7. Boxplot of village-level prevalence grouped by district. 
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When the data shows high heterogeneity, we advise to calculate median along with the mean.  

In Figure 8, the median of village-

level prevalence for each district 

shows a different spatial pattern 

than the mean (seen in Figure 6). 

Sotru joins Lusson and Pravda 

with the lowest aggregate 

prevalences. Utro now has a 

higher aggregate prevalence 

than Opafuril. Conichi remains 

the district with the highest 

aggregate prevalence. 

 

Figure 8. Median of village-level prevalence at the district-
level. 

 

Calculating the median rather than the mean changes the prevalence in most of the districts. 

This happened because the village-level prevalences in each district do not follow a normal 

distribution. 

Next, we map the standard 

deviation of the prevalence to 

show the variation of village-

level prevalence in each district 

(Figure 9). High standard 

deviation means high variation in 

village-level prevalence within 

the district. High variation is 

evident in the eastern part of the 

study area.  

 

 

Figure 9. The standard deviation of village-level prevalence 
within each district. 
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Identify hot-spots 

The previous analyses have shown that the village-level prevalence is heterogeneous in our 

study area. This means that there are some parts of our study area with high disease 

prevalence. These areas could be hot-spots of transmission and may be targets for 

intervention. There are several tests to identify hot-spots. 

The most used spatial analysis 

tests in epidemiology are the 

scan statistic and the Getis-

Ord Gi/Gi*8. To identify 

possible hot-spots in our 

simulated study areas, we 

decided to perform the Getis-

Ord Gi*. This test identified 

four clusters (Figure 10). You 

will notice that the hot-spot 

analysis was performed 

without considering the 

district boundaries. 

 

Figure 10. Village-level prevalence hot-spots identified by 
Getis-Ord Gi* in the study area. 

 

Most diseases are not affected by administration boundaries. Thus, it is always a good practice 

not to perform hot-spot analyses dividing the sampling sites by administrative boundaries. This 

is important to avoid missing hot-spots. 

 
8 Waller, Lance A., and Carol A. Gotway. Applied spatial statistics for public health data. Vol. 368. John Wiley & Sons, 
2004. 
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Figure 11 shows that the location 

included in the central (C) and 

southern (D) hot-spots belong to 

multiple districts. 

Hot-spot analyses are useful to 

identify those places were 

disease intensity is high. 

However, intervention activities 

are usually triggered when 

disease intensity is higher than a 

selected threshold. 

 

Figure 11. Village-level prevalence hot-spots identified by 
Getis-Ord Gi* with district boundaries. 

 

In our example, we have set a 

hypothetical intervention 

threshold equal to 0.6% 

prevalence. When the 

intervention threshold is applied, 

many locations that lay outside 

of hot-spot areas need to be 

covered (Figure 12). Thus, 

planning interventions only using 

result from hot-spot analyses 

could result in missing areas that 

are still above the elimination 

threshold. 

 

 

Figure 12. Locations with a prevalence above the 
intervention threshold (>0.6%) compared with hot-spot 
areas. 
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Drawing new boundaries 

The final step is to show that new boundaries could be drawn based on the intervention 

threshold. Following the spatial pattern of villages in need of intervention, it is possible to 

create new ‘intervention boundaries’ (Figure 13). 

However, these new subdivisions 

do not follow any administration 

boundaries (Figure 14). 

Performing interventions and 

surveys following non-political 

boundaries may not be practical. 

However, programs may 

consider using man made (i.e. 

roads) or natural boundaries (i.e. 

water) to create intervention 

areas. Future work is planned to 

create high-resolution risk maps 

for trachomatous inflammation 

follicular (TF) prevalence and 

LF using geostatistical modeling 

methods.  

The process of creating these 

maps will involve identifying 

variables (other than prevalence) 

that may contribute to on-going 

persistent transmission.  These 

variables may also be helpful in 

delineating EUs. 

 

Figure 13. New intervention areas drawn to include location 
above the intervention threshold. 

 

 

Figure 14. New intervention areas drawn to include location 
above the intervention threshold compared with district 
boundaries. 
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