
 

78:10 (2016) 159–165 | www.jurnalteknologi.utm.my | eISSN 2180–3722 | 

 

 

Jurnal 

Teknologi 

 
 

Full Paper 

  

 

  

 

DATA ANALYTICS IN SPATIAL EPIDEMIOLOGY: A SURVEY 
 

Sharmila Banu Kathera*, BK Tripathyb 

 
aSchool of Computer Science & Engineering, VIT University, Vellore 

Campus, Vellore 632014  India 
bSchool of Computer Science & Engineering, VIT University, Vellore 

Campus, Vellore 632014 India 

 

Article history 

Received  

16 March 2016 

Received in revised form  

5 July 2016 

Accepted  

15 September 2016 

 

*Corresponding author 

sharmilabanu.k@vit.ac.in 

 
 

Graphical abstract 
 

 

Abstract 
 

Spatial data analysis is being used efficiently and the governments have realized that 

georeferenced data yields more insight with time and locations. Epidemiology is about the 

study of origin and distribution of diseases and dates back to the 1600s with the instance of 

cholera in London. Data Science has been evolving and when analyzed with Soft 

Computing techniques like Rough Set Theory (RST), Fuzzy Sets, Granulation Computing 

which encompasses the data in its original nature, results can be obtained with accrued 

accuracy. This survey paper highlights Spatial Data Mining methods used in the field of 

Epidemiology, identifies crucial challenges and discusses of the use of Soft Computing 

methods. 
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1.0  INTRODUCTION 
 

Documenting information about events and people 

has always been a civilized habit of man’s higher 

order skills. The information or data collected is used 

to look for interesting and life-saving patterns. Data 

mining has an elaborate history and is expanding 

along two dimensions. The first one is the direction in 

which new algorithms are obtained and the other 

one is to enhance the existing algorithms or making 

them more adaptive. When data is collected and 

studied within a specific spatial frame of reference, it 

is referred to as Spatial Data Mining. Spatial frames of 

reference (FoR) are ways of organizing mentally and 

communicating verbally certain aspects of our 

spatial knowledge. They represent coordinate 

systems used to compute and specify the location of 

objects with respect to other objects. For example, 

the mutual positioning of some objects in a figure 

can be described in several ways in English 

depending on which object’s location is in the focus 

of our mental attention and our communicative 

intention, i.e., which object is the located object, or 

locatum, and which other object in this visual scene 

is selected as the reference object, or relatum [54]. 

Such verbal descriptions typically entail a choice of a 

spatial frame of reference. 

Let us consider the statement, “The pond is 

behind the house”. It is a description of the 

relationship between the pond as the locatum and 

the house as the reference object in the intrinsic 

frame of reference. But if we state, “pond is the left of 

the house” then it is a description of the relationship 

in the relative frame of reference. 

Spatial data mining is the process of uncovering 

potentially useful and unknown patterns from spatial 

data [1], [2]. It is the unique nature of spatial data 

which involves spatial auto-correlation and 

complexity that calls for redefined exploration of 

spatial classification, clustering, prediction and co-
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location mining [1], [2]. The amount of spatial data 

generated is explosive as it is generated from a wide 

range of sources like remote sensing, environmental 

planning, satellite feeds, GIS etc., [3]. This field of 

study has impacted different areas like retail, 

banking, crime analysis, disease mapping, defense 

etc.  

Spatial data mining has been gaining momentum 

with the huge amount of geo-spatial data being 

generated every day. Patterns generated from these 

data are crucial to a lot of government and research 

organizations. Installation and use of an elaborate 

Geographic Information System (GIS) infrastructure is 

considered as a dire need by a lot of governments. 

Location based services, location prediction, co-

location pattern mining, spatial clustering, 

classification, outlier detection are some of the 

spatial data mining methods used extensively in a lot 

of applications. Below, we discuss some of the 

important methods briefly. 

Prediction of critical events that involves lives, 

revenue and other resources helps with mitigating 

the loss with such events. This has impact in all major 

dimensions from global warming, natural disasters, 

epidemics, vegetative covers, stocks and share 

markets, consumer trends etc., to bird nesting 

incidents. Predicting an event is done using the data 

collected about the occurrence of the event and 

the location. Further, a grid is enforced on the area 

of study. Then for each cell in the grid, specific 

domain attribute values are measured. The attribute 

value in these cells where the event of interest has 

occurred is studied further for prediction. Spatial 

relevance and analysis can contribute effectively to 

such predictions as these parameters change across 

countries and continents. Uncovering spatial 

autocorrelation that is unique of spatial data has 

been found to be useful and helpful in uncovering 

spatial structure of errors [1]. Location based services 

are also focused in different fields to provide 

exclusive consumer services.  

Outlier detection and analysis have been crucial 

in spatial data sets involving ecological study, health 

care and urban planning. Outliers which are 

deviations from consistent measurements have 

contributed to previously unknown discovery of 

knowledge. Spatial outliers are based on spatial 

attributes. Scatter plots are used to detect spatial 

outliers and are quantitative in nature [4]. Spatial co-

location patterns are studied to learn about the 

multi-dimensional presence or absence of an event 

in different locations within a spatial frame of 

reference. This interesting study has helped in 

identifying disease patterns (West Nile Disease), 

evolution of animals and plants, crime analysis etc. 

The outcomes of this study are rules which directly 

lead to knowledge discovery. 

Spatial clustering algorithms group spatial entities 

that are similar. Hierarchical, partition-based, density-

based and grid-based algorithms are used based on 

the technique using which clustering is carried out. 

They are used to identify ‘hotspots’ which are useful 

in crime pattern and epidemiological analysis. 

Spatial clustering has been used for epidemiological 

data by considering the position of events apart from 

the domain attribute space. The authors have 

employed local as well as global  measure for spatial 

auto co-relation and have advocated the inclusion 

of temporal analysis for further processing. 

Change detection algorithms are used for 

potential Earth science problems like land cover 

changes and study if habitats. The datasets used to 

study such problems involve high-dimensions and 

demand the need for time-series component [5]. 

Spatio-temporal data mining algorithms have been 

employed to analyze change detection in earth 

science. But such detection algorithms have not 

been categorically analyzed for epidemic models. 

Spatial data mining algorithms are employed for 

analysis in urban planning and determining sprawl of 

urban, rural and peripheral areas. Rough set theory 

(RST) based indiscernibility and approximation 

technique has been used to distinguish peri-urban 

fringes from urban and rural areas [6]. The authors 

have compared the results of RST based analysis to 

Map algebra and have highlighted the benefit of 

approximate reasoning in spatial analysis. The 

potential of powerful soft computing technique like 

RST is yet to be explored in epidemiological modeling 

when large spatial zones are involved. 

Disease mapping is considered as an important 

phase towards understanding the spread of a 

disease, its impact, spatial relevance and planning 

effective intervention or precautionary strategies. 

Geographic Information Systems are more 

conducive for spatial epidemiology considering the 

dimension and magnitude of data recorded. Spatial 

clustering [7] and indices for auto-correlation, 

geostatistics have been used in spatial 

epidemiology. Uncertainty based models like rough 

set theory introduced by Pawlak [8], its variants and 

fuzzy set theory introduced by Zadeh [9] have been 

used in the study of epidemiology. Further, research 

works employing hybrid approaches for spatially 

oriented epidemiological study have been reported 

[10], [11], [12]. The hybrid approaches deal with 

incomplete and ambiguous data offering the benefit 

of approximate reasoning. Combination of granular 

computing and soft computing approaches is yet to 

be explored and it can reap dual benefits of 

approximation reasoning and lossless dimensionality 

reduction. 

In this section we introduced the context based 

on spatial data mining, analysis of spatial data and 

its application in epidemiology. Section 2 discusses 

the impact of spatial epidemiological studies using 

Geographic Information Systems (GIS) and its 

promising applications in healthcare. Section 3 deals 

with both statistical and artificial intelligence based 

methods of data analysis in spatial epidemiology. 

Section 4 highlights the key epidemiological 

problems and section 5 presents challenges involved 

in such studies. In section 6 concluding remarks on 

this study are presented. 
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2.0  SPATIAL EPIDEMIOLOGY 
 

Spatial epidemiology involves representing and 

studying geographically mapped health data. 

Environmental, demographic, behavioral and 

infectious risk factors are accounted for in the 

analysis. The epidemiological study at-large is case-

based, cohort-based or ecology based. The origin of 

relating epidemiology and geographic locations 

dates back to 1800s with Sir John Snow discovering 

the root cause for cholera which he pinned it down 

on a water tap that he tracked using a map and 

distribution of disease in London. Figure 1 shows the 

distribution of cholera cases around a water pump in 

the broad way street of London. This finding was 

phenomenal and is a break-through in epidemiology 

with maps as early as the mid-19th century.  

 

 
 

Figure 1 A part of map by John Snow showing the Cholera 

distribution in London, 1854 

The figure is from https://commons.wikimedia.org/wiki/File:Snow-

cholera-map-1.jpg 

 
 

Disease mapping, clustering or correlation studies 

are predominant objectives in a spatial 

epidemiological study. Exclusive health surveys were 

conducted as early as 1936 to identify health atlases 

in the United Kingdom [13]. Later most of the 

developed countries documented their own national 

and regional health atlases [14]. These atlases 

provided a quick visualization of health census in the 

country and were used for descriptive purposes. 

While constructing disease maps, size of the 

geographic unit, method to analyze and the 

respective attributes are very crucial. This demands 

domain experts, administrators, engineers, 

statisticians to work cohesively and collectively.  

With the recent advances in data science and 

advanced soft computing paradigms, constructing 

decision systems for epidemiological data can only 

be more sophisticated. Rough Sets [10] and rough 

fuzzy sets [11] have been applied for epidemiological 

studies. Inclusion and critical analysis of spatial 

attributes in the decision systems makes the study 

more relevant. Spatial auto co-relation which is 

unique to spatial data and accounts for clustering of 

formation of hotspots gives an insight into the results 

arrived in such studies. Tobler’s first law of geography 

proposed in 1970 is the intuition behind the results 

[15]. The law states that ‘all things are related; but 

near things are more strongly related than distant 

ones’. The underlying concept is spatial auto co-

relation and Neighborhood Rough Set has been used 

to address this natural relation [16]. 

The advancement in the field of Geographic 

Information Systems (GIS) has given added 

breakthrough to deal with health data. It is viewed as 

an evidence-based practice tool and weighs more 

when used for community health. It is documented in 

[12], [51], [52], [53] that when properly used, GIS can 

help in epidemiological perspective by providing 

informed decision making, perform risk analysis and 

plan interventions and mitigation strategies. Although 

setting up GIS infrastructure can be very expensive, it 

is imperative to consider spatial attribute as an 

important feature [12]. Besides, if such infrastructures 

can be used for multiple causes then it becomes 

beneficial.  

Increased use of GIS for health care has been 

reported for the last two decades in the developed 

countries. In the developing countries, it is in the 

primitive stages. However, in either case, it is normally 

used as isolated systems by various agencies and 

hence tapping the collective benefit cost-effectively 

is a distant dream. This calls for integration of public 

health departments from both the federal levels and 

national level.  Although inspecting the relationship 

between disease incidence and geographic 

location can be done using GIS, it is suggested that it 

can only be exploratory and not confirmatory [17]. 

Merging health datasets from smaller regions and 

investigating health outcomes and patterns with 

respect to the demographics will yield promising 

results. GIS employs the use of choropleth maps, 

smoothed maps, spatial filters and geostatistical 

measures like kriging and trend surface analysis. 

GIS has been used to store and explore electronic 

medical records of asthma patients in a specific 

location [18]. Any unusual increase in hospitalization 

of asthma patients might result in scrutiny of the 

environmental factors and industrial set-ups in 

incident locations. GIS is also in African countries for 

emergency response as well as effective and 

transparent decision-making [19]. Using 

demographic data, targeted health education 

drives were also planned. The work also exhibits the 

fact that GIS has also been used for delivering health 

care services using appropriate interfaces. 

Association between asthma incidences and vicinity 

of industries along with wind patterns in Northern 

England has been studied and documented [20]. 

Report on the discovery of information relating to the 

past based on the current and prevalent drug use 

based on UK data [21] is documented.  GIS 

applications are used in hospital resource 

management and to avoid blocks to services [22]. In 

the next section we discuss on different methods 

used in spatial data mining. 
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3.0  METHODS 

 
Spatial data mining includes clustering, classification, 

prediction and other determinant techniques. Some 

of those that are used frequently in spatial 

epidemiology are discussed further. 

 

3.1  Point Pattern Analysis  

 

Basic components that are mapped about a disease 

to be represented in GIS or any decision system are 

points, lines and regions. They correspond to disease 

location, transmission means or vicinity to affecting 

sources and the area under study. Disease locations 

or points of incidents are of particular interest as 

researchers look for georeferenced information. A 

pattern based on the distance metric among such 

disease points is derived in [23].  The distance metric 

employed is used to look for random pattern as well 

as collective pattern in the space under 

investigation. Ripley’s K function and Kernel density 

estimation are employed to study the distribution of 

events. The former technique identifies dependence 

between the events while the latter identifies 

hotspots. 

 

3.2  Spatial Auto Co-Relation Indexes 

 

Moran’s index is a global index used to measure how 

an attribute under analysis is correlated with a 

geographic location. It takes a value between -1 

and +1. If the value is positive; the region is in close 

association with nearby regions. Negative value 

indicates disassociation between the regions and 

zero value hints at an outlier instance. Moran’s index 

gives a degree of association between a set of 

observed values and weighted average of 

neighboring values. It is expressed as a matrix. 

Moran's I is defined as 

2
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where N is the number of spatial units indexed 

by i and j and X is the variable of interest  X  is the 

mean of X and ijw  is an element of a matrix of 

spatial weights [23]. 

Local indicators are used when local 

associations are of primary interest and contribute in 

hotspots. To measure this index, the study region is 

divided into smaller ones and the attribute in one 

area is analyzed in relation with the same attribute in 

proximal area. This leads to the highlighting of 

clusters. 

 

 

 

 

3.3  Kriging 

 

Kriging is a prediction technique where an event is 

predicted at a geographic location based on the 

weighted sum of neighborhood data. This prediction 

is used in generating maps for values that are 

unknown. The weights (associated with data) are 

determined from a mathematical model, Variogram 

cloud.  To arrive at impartial results the weights are 

set to one. It is one of powerful interpolation 

techniques and is based spatial auto-correlation 

which upholds the Tobler’s law of geography [15]. 

Adaptive Kriging technique has been used in an 

integrated data structure used for the habitat 

modelling of Highland Haggis in Scotland as early as 

1995 [44]. This technique is used along with Gaussian 

Simulation to relate distribution of specific locations in 

space. [45]. Kriging is used in modelling the irregular 

distribution of iron grade in Iran [55]. The technique 

has been used extensively in health care research 

with respect to distribution and spatial analysis. 

Kriging has been used to model cancer mortality rate 

[46] and levels of benzene in urban environment [47]. 

It is used for mapping disease risks like cholera and 

dysentery in susceptible regions of Bangladesh [48], 

to design vector – host models for encephalitis [49], 

to study spatio-temporal air pollution traits and 

asthma patient visits in Taiwan [50] are some to 

quote amidst myriad applications of Kriging in 

epidemiology. 

 

3.4  Artificial Intelligence Techniques 

 

Artificial intelligence is used in spatial epidemiology 

through data mining techniques like classification 

[24] and regression trees [25], multivariate adaption 

splines and tree based classifiers. Inferring results has 

been simple and has denoted unambiguous 

statements. Classification and regression trees are 

used for classification of drugs and it is used in 

preventive measures of diabetic complications [26]. 

Multivariate adaption splines have been useful in 

avoiding false positives (a test result which wrongly 

indicates that a particular condition or attribute is 

present) in high-dimensional data [27]. Although 

these techniques have been used in epidemiological 

analysis, it is essential that the results are validated 

with domain experts to refrain from spurious 

classification and prediction. 

 

3.5  Rough Set Theory Based Classification 

 

Researchers have used RST extensively for prediction 

modeling and dimensionality reduction. Uses of RST in 

medicine for predicting success of surgeries, 

myocardial infarctions, post-operative long & short 

term survival of patients, predicting diseases and 

length of treatment period is documented [28]. 

Rough Set Theory is employed to identify distribution 

of neural tube defects in new born children [10]. 

Dimensionality reduction using reduct of rough sets 

and identifying spatial factors involved in this defect 
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were the highlights of the work. The work proved to 

be one of the eye openers to potential research in 

ecology, epidemiology and medicine.  

 

 

4.0  KEY EPIDEMIOLOGICAL PROBLEMS 

 
The transmission and distribution of Severe Acute 

Respiratory Syndrome (SARS) was studied and 

analyzed by [29], risk exposure pattern is 

documented in [30], distribution of measles  in Turkey 

has been analyzed [31], Rough Set theory has been 

used to predict pancreatitis [32], ambulation after 

spinal cord injuries is predicted in [33], a rough set 

based predictor was built for myocardial infarction 

[32], spatial decision rules in neural-tube birth defect 

was uncovered using RST in [10]. Spatial analysis 

employing statistical models and spatial regression 

methods were used to study population dynamics [7] 

and weighted centroid method was used to predict 

outbreak of Escherichia Coli in [35]. 

To better express the multifaceted nature of the 

real world and address the limitation of knowledge 

and uncertainty of factual data, fuzziness can be 

used to represent some attributes of data. It has 

been used to represent the classification of land-

cover types in [36] and effect of environmental 

factors on birth defects has been substantiated 

based on discernibility [10], ability to handle 

inconsistent data, applicability to any number of 

outcomes, dimensionality reduction, suitability for 

spatial data are some of the features that make 

Rough Sets very conducive to epidemiological study.  

A geographic phenomenon may tend to be 

closely related and distant related entities based on 

the distance. This is spatial auto correlation and 

upheld by Tobler’s law of geography [15]. In RST, an 

object tends to have roughness where the object is a 

subset of universe with some property [8]. Lower and 

Upper approximations are used to define an object. 

The roughness of an object can be précised upon 

collecting more attributes about the object. It is 

affirmed that roughness is not a fuzzy concept by 

nature and so fuzzy sets cannot be used to represent 

roughness [11]. Rough Fuzzy Sets which is an 

extension of rough sets can be used to construct the 

decision system for spatial analytics.  

Rough Fuzzy Decision system has been used for 

spatial data analysis which is based on rough fuzzy 

sets [9]. Rough Fuzzy sets use similarity relation instead 

of equivalence relation and apply fuzzy granule for 

similarity relation [37]. Determining the spatial 

characteristics of the disease distribution will help in 

identifying the worst affected population and 

respective demographics. It can further help to build 

and test theories, plan and evaluate epidemiological 

surveys, forecast trends and test control measures. 

The proposed approach is first of its kind and would 

serve as an important tool for public health 

researchers and practitioners. 

Research on spatial spread of 

incidence/prevalence of Parkinson’s is documented 

in [36], the spread of human Lyme disease in [39], 

human cell lymphoma virus type 1 (HTLV-1) in a 

European Centre for Disease Prevention and 

Control’s technical report have been recorded [40]. 

These works help in understanding the affected 

population across a specific area or country and 

across the world. The geo-referencing of this data 

gives an insight into the geographies affected with 

the same disease instances and calls for seeking 

spatial associations. Including geographical 

information leads to evidence based spatio-

temporal approach in analyzing public health [5]. 

This work recalls the need for exploring spatial 

patterns in disease outcomes. It calls for the spatial 

indices used to identify spatial distribution of disease 

clusters [41]. Moran’s Index, Spatial scan statistic, k-

nearest neighbour etc., are discussed. Spatial auto 

correlation is also measured using these statistics.  

The effects of environmental pollutants and its 

association with asthma incidences in North East 

England have been studied [42]. Environmental 

threats to human health have been analyzed and 

classified them as risk, health and hazard indicators 

[43].  The effect of pollutants from industries on public 

health can be a decisive study contributing to the 

welfare of people at large and social cause. Cities 

that have capitalized from Industries are marked by 

humongous outlet of effluents and air pollutants. 

Eventually people living in the affected area are 

prone to a spectrum of infections and diseases. Data 

Mining based on soft computing techniques like 

Rough Set Theory can be used to explore spatial 

conclusive rules on predominant diseases caused by 

pollution and look for spatial associations related to 

the diseases.  

 

 

5.0  CHALLENGES  

 
Data mining and soft computing techniques depend 

just as much on data as statistical techniques. The 

infrastructure for the organized collection of data for 

further analysis is the quintessential phase. This phase 

needs to be addressed with care and collaborative 

efforts of administrators, health care professionals, 

statisticians, engineers etc., The subsequent 

consideration is due for the attributes considering the 

high-dimensional nature of this data. Researchers 

and administrators could resort to powerful 

dimensionality reduction techniques. 

The health outcome oriented data will include 

sensitive information of individuals. Ensuring privacy to 

sensitive data is becoming an important criterion in 

the data access policies of governments and 

corporations. Providing security to data using non-

cryptographic based techniques has been in use for 

a long time. They are used to provide security to 

Health data, finance data and the like. Data can be 

distorted using various approaches to hide sensitive 
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information and provide privacy. A whole line of 

methods from statistical disclosure control to 

distortion based techniques are in use. The scale of 

geographic area studied for disease instances bears 

significance on the quality of results obtained. 

Despite the infrastructure, choice of method 

applied to analyse data, privacy preserving 

methods, it is crucial that the results be validated 

through healthcare professionals and by integrating 

the research findings in healthcare management 

infrastructure. Carrying out epidemiological studies to 

analyse population demographics and health 

outcomes may incur ecological fallacy where a 

population level inference may be assumed to be 

individual level inference. Time variance may reflect 

myriad changes in studies conducted. Hence 

modeling for the study should consider this 

demographic shift. 

  

 

6.0  CONCLUSION 
 

We rely on statistical tools to analyse epidemic or 

endemic distribution of diseases to come up with 

interventions, precautionary measures or appropriate 

medical campaigns. This approach needs to be 

collaborated with high-dimensional data mining and 

soft computing techniques to access systematic 

knowledge layers hidden in data. Besides that data-

driven nature of soft computing techniques, missing 

and vague data are better handled rather than the 

poor choice of ignoring or replacing incomplete 

data. GIS based infrastructure and integrated 

collection of health demographics data should 

become the goal posts of developing countries.  
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