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Summary
The focus of this paper is on finding useful insights from data generated by Point-Of-Care (POC)
Diagnostics devices based on spatio-temporal data analytics. At first glance data generated by the
molecular POC diagnostic devices seems not very relevant to geospatial Big Data. However by
including location of the devices (which are usually locations of the healthcare settings e.g. hospitals
or labs) in the analysis and by inclusion of other geographic layers, whole new set of useful questions
can be asked and therefore many useful insights can be found.
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Back in 2001, Douglas Laney from Meta Group (an IT research company acquired by Gartner in
2005) wrote a research paper in which he stated that e-commerce had exploded data management
along three dimensions: volumes, velocity, and variety (Laney, 2001).
Big data is defined as high volume, high velocity, and/or high variety information assets that require
new forms of processing to enable enhanced decision making, insight discovery and processes
optimization (Laney, 2012). The datasets in big data can be classified as structured or
unstructured/semi-structured. Many experts believe that today more than 80% of all data is
unstructured (Mayer and Cukier, 2014). Until recently unstructured data were mostly just stored
without sophisticated means (and intention) for automatic analysis. Today the proliferation of big data
tools and technologies has made it possible to manage and analyse any type of datasets to extract
valuable insights automatically.
From another point of view, data component of big data can be broken down into two broad
categories: human-generated and machine data. The human-generated data is the information this is
generated when humans directly interact with an online system or record information, such as a social
media (like emails, social networking application feeds, crowd-sourcing and/or collaborative content
generation, and blogs) and click-stream data. At the other hand, machine data are generated directly
by machines (without direct intervention of humans). For example, firewalls, load balancers, routers,
switches, and computers (servers) that support human interactions with online systems, generate log
files that describe the activities of user and the status of the system. In addition sensor-based data
(like data generated automatically by smartphones for the monitoring of performance of mobile
operating systems among the other things, data generated by jet engines for monitoring the health and
performance of engine by engine manufacturer companies-and not the airline!) falls into the machine
data category. Utilizing the mentioned machine data (by using efficient and automatic approaches) for
research purposes largely ignored† until recently. However, machine data has vast and as yet
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Machine data has always been used for research purposes (like manual image processing of satellite
images) and the automatic analysis of huge amount of machine generated data using supercomputers
or crowd-source computing or volunteer computing has been done since late nineties. However the
automatic analysis of machine data via bringing computing to data is new in big data world!
†

untapped potential as a source of highly valuable information, as they contain important insights
about the system as well as users of the system.
Often data component of Big Data has a positional component as an important part of it in various
forms, such as postal address, Internet Protocol (IP) address and geographical location. Given the
above definition of big data, many researchers believe that geospatial data has been always big data!
As it defined by Pouria Amirian (Amirian et. al, 2014), “geospatial Big Data” term should be used if
the positional components in Big Data extensively used in storage, retrieval, analysis, processing,
visualization and knowledge discovery. In other words, geospatial Big Data systems need certain type
of techniques, algorithms for efficient management, analytics and sharing based on best practices in
management and analysis of geospatial data in the big data landscape.
As it mentioned by many researchers, management and analysis of geospatial data is complex and
requires specific storage, processing, analysis and publication mechanisms (Taniar et. al, 2013;
Amirian et. al, 2010; Mahboubi et. al, 2013; Basiri et. al, 2014; Yildizli et. al, 2011; Safar et. all,
2009; Basiri et. al, 2012). In fact management and analysis of geospatial data have been always
revealed the limitations of information systems and computational frameworks. In a nutshell, unique
characteristics of geospatial data such as high volume, various type of relationships between
geospatial objects (e.g. distance, directional and topological relationships), need for long transactions,
computationally intensive algorithms of processing and inclusion of time component, makes the
management and analysis of geospatial Big Data even more complicated. Some researchers agreed
that geospatial data may represent the biggest Big Data challenge of all (Davenport, 2014).
The focus of this paper is on finding useful insights from data generated by Point-Of-Care (POC)
Diagnostics devices. In general the POC devices are sensors that provide results of various healthrelated tests. These devices are widely used in all types of healthcare settings and generate vast
amount of machine data. Among various types of POC diagnostics devices, our research project has
focused on data generated by advanced molecular POC diagnostic systems related to HIV and TB
diseases.
Based on the mentioned definition of geospatial Big Data, at first glance data generated by the above
molecular POC diagnostic devices seems not very relevant to geospatial Big Data. However by
including location of the devices in the analysis which are usually locations of the healthcare settings
(e.g. hospitals or labs) and by inclusion of other geographic layers, whole new set of useful questions
can be asked and therefore many useful insights can be found. In order words if huge amount
machine data (for example data about test results, resources used by devices, quality of the test, errors
occurred during tests and location of devices) are available, using big data technologies it would be
possible to answer the following important questions automatically:
 What is the demographic and geographic pattern of disease transmission? What is the spatiotemporal pattern of the disease prevalence? Is the rate of disease associated with geographic
location, time or climate-change or special diet or ethnic group? How would be the spatiotemporal trend of prevalence of the disease (at population level) in future if the rate of spread
is fixed as the current rate? (disease-related questions)
 What are the source of errors in data? Is there any statistically meaningful association
between location and time with the type of errors for each device? Is the high rate of errors
from specific Point-Of-Care devices meaningful? With the current rate of error how much the
results of tests are reliable? Does the device maintained in expected manner? Does the device
needs overhaul repair? Based on the current usage when is the best time for the next regular
device inspection? (question related to the performance and health of the devices)
 What is the normal resource consumption for each location at specific time? Are the devices
are used at their highest potential? With the current number of tests, which sites will need
more/less resources (like cartridges) or even new POC devices than what is expected? What
are the needed resources for the Point-Of-Care devices for next few months? (supply chain
questions)
As presented by above sample questions, inclusion of geospatial data provides unprecedented

opportunities for using spatio-temporal data analysis. In addition using big data technologies enables
to run the spatio-temporal data analysis in efficient manner. In This paper will describe the concept of
geospatial Big Data from computational point of view and the explain the challenges, opportunities
and findings of the research project currently being done at the Global Health Network, the Oxford
University about using geospatial big data to find useful insights from machine data generated by
POC devices.
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