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A B S T R A C T

Infant mortality is a key population indicator and remains a problem that requires global
attention. Kenya, like many countries in Sub Saharan Africa, did not achieve the Millen-
nium Development Goal number 4 (Reducing childhood mortality by 2015). Factors that
contribute to infant mortality require scientific evidence thus focus has been put on visu-
alization applications for the generation of new hypotheses and to inform decision. The
need for rapid access to information in an explosive data generation in the public health
sector needs a more effective data automation procedure.

The aim of this project is to develop a digital ecosystem platform that brings together
data from selected observational studies, randomized controlled clinical trials, and na-
tional surveys into large composite datasets that give analytical power to answer impor-
tant questions on child health and surface the insights that create impact.

Using 2015 data from Kilifi HDSS for children aged less than one year. Shiny data-
driven web application framework for R statistical computing explores and analyses data
on a dashboard to run algorithms. The platform provides utilities for data analytics and
modeling techniques to answer questions on child health such as the relative effects of
pre and postnatal impacts on physical growth.

Exploratory data analysis, descriptive statistics as well as multivariable analysis are pre-
sented by the use of graphs, tables, maps and rate(s) ratios. The visualization platform al-
lows researchers and policymakers to generate actionable recommendations, predictions,
and new hypotheses that will inform decision.
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1
I N T R O D U C T I O N

The first year of a child’s life is of special importance in health and plays a vital role

in the development of national policies on health and remains a problem that requires

a global attention [1]. Infant mortality remains high in sub-Saharan Africa despite the

significant achievements made in the Millennium Development Goals (MDG) era. The MDG

target 4 of two-thirds reduction of under 5 mortality was not achieved, this is evidenced

by the decision to include the original MDG themes within the new health goal for the

Sustainable Development Goals (SDG) by advising countries to prioritize child survival [2].

The SDG 2030 agenda has major implications for health monitoring by undertaking health

data collection with great attention to disaggregated data, analysis and communicating

in an integrated manner [3]. The determinants of infant mortality vary in Africa from

socio-cultural to social-economic in comparison to the rest of the world [4]. Efforts to

combat child mortality globally focuses on addressing inequities in access to care and

public health interventions, however not much has been published [1].

Demographic and Health Survey (DHS) programs are an important source of data and

provides information to help monitor and evaluate population and health status in devel-

oping countries. DHS survey data are widely acknowledged by researchers as data sources

and provide key data for planning, monitoring and evaluating programs [5]. The Kilifi

Health and Demographic Surveillance System (KHDSS), located in the Indian Ocean coast

of Kenya, covers an area of 891km2 comprised of 15 administrative locations, containing

280, 000 residents. Fieldworkers visit every participating household approximately three

times a year to capture and record the incidence of pregnancies, births, deaths, and mi-

gration events. The site also supports multiple nested studies, acting as a framework for

1



introduction 2

epidemiological studies [6]. The Kilifi Integrated Data Management System (KIDMS) pro-

vides the data infrastructure for the demographic surveillance as well as research stud-

ies. Integration of the demographic surveillance system and research studies provides a

huge potential for conducting health research and evaluating health interventions and

outcomes.

The KHDSS supports activities aimed at evaluating new community-based interventions

particularly preventing infectious diseases in children by use of vaccines. KHDSS data have

been used to evaluate access to health care, testing association between genetic risk fac-

tors and infectious diseases, more importantly, it has been used to support the malaria

vaccine clinical trial [6]. The GlaxoSmithKline (GSK) malaria vaccine, MosquirixTM RTS,S

study conducted in Kilifi received positive opinion from European regulators and World

Health Organization (WHO) will assess how the first malaria vaccine will be used to pre-

vent malaria [7]. The department works closely with the Ministry of Health (MOH) to

assist in planning and health care allocation as well. Further dissemination is achieved

through publication of articles and sharing of data associated with the submission [8].

Longitudinal birth cohort studies where children and their families are followed up from

birth to their current age allows tracking of growth, health well-being and the educational

progress of their life.

The value of surveillance systems at KHDSS relies on the effective and efficient deliv-

ery of useful information. With the growth of surveillance systems and research studies

at KHDSS coupled with a variety of health outcomes, emphasis needs to be placed for au-

tomated real-time analysis and dissemination of results via visual displays. The research

findings generated by the automated tools can enable researchers to raise smart objectives

and also allow health care providers to incorporate findings in their strategies and policies

to improve health outcomes in a population.
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1.1 problem statement

Researchers do not fully utilize the full potential of this flood of data from KHDSS. How-

ever, by simplifying the analytical approach they can exploit the potential in the data

banks that will impact public health practice. This work provides a bridge to gap by de-

veloping an automated integrated analytic visualization tool as a baseline for a knowledge

ecosystem to assist in the analysis of infant health data thereby expediting time spent on

the analytical process.

1.2 motivation

The data collected by KIDMS applications is far more than its utilization for research pur-

poses. Current child mortality analysis includes trends in mortality by sex, migration,

and cause of death [9, 10]. Optimizing existing research studies data nested within KIDMS

with core KHDSS variables that measure births, deaths, and migrations will provide valu-

able insights in explaining mortality. Furthermore, studies have shown that physicians

who form a large proportion of scientists lack data analytical expertise due to insufficient

training in statistics [11, 12]. Contrastingly, the need for statistical expertise by health care

professionals has grown exponentially as healthcare becomes more of a data-driven en-

deavor [13]. With the current data culture, there is a need to invest in visual analytics tools

and frameworks without the need for high technical or statistics background for end users.

Such tools can aid researchers to design smart hypothesis on child and maternal health

to address risk factors that contribute to infant mortality and better help understand and

reduce the burden.
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1.3 research aim and objectives

This research project aims to design and develop an analytical platform that will serve as

a baseline for an integrated knowledge ecosystem to study infant mortality in the KHDSS.

The main results reported in this research project are:

1. Implementation of an interactive knowledge discovery application to study infant

mortality.

2. A situational analysis of the current data-ecosystem context of HDSSs and their

relation to the platform.

3. Recommendation on how the platform can be used in other HDSS.

1.4 outline of research report

This research report is organized as follows. Chapter 2 presents the literature review,

with relevant works that have been conducted. Chapter 3 presents the methodology and

technology employed in the design of the platform. While Chapter 4 presents the use

case scenarios of the platform to address objectives 1, 2 and 3. In Chapter 5 , we present

the deployment consideration in other HDSS. We finally gave the conclusion and future

directions in Chapter 6. Other important details are presented in appendices A, B and C.



2
L I T E R AT U R E R E V I E W

This chapter presents the review of relevant literature on key concepts on infant mortality,

data visualization, and analytics. The chapter reviews related works and techniques on

the development of visualization applications for public health research. The reviewed

literature is presented as seven subheadings namely: overview of infant mortality, ma-

ternal health factors, immunization, child health factors, visualization, visual analytics

application, and reproducible research.

2.1 overview of infant mortality

Infant mortality is a major global health challenge with 75% (4.5 million) of all under-five

deaths occurring during the first year of life [14]. Although global infant mortality has

reduced due to the implementation of child survival interventions and social-economic

development, the progress is still insufficient, falling short of MDG targets especially in

sub-Saharan African and South Asia. With the adoption of the 2030 agenda for SDG by

world leaders in 2015, child survival was mapped as one of the health targets aiming to

reduce under 5 mortality to at least 25 deaths per 1, 000 live births in all countries [15].

This should be achieved by ending preventable deaths in low and middle-income coun-

tries as highlighted by Lancet commission [16]. The majority of childhood deaths occur in

Africa with the risk of infants dying at 50.13 per 1, 000 live births as recorded in 2015 [14].

Although infant mortality in Kenya has gradually reduced from 107.96 deaths per 1000

live births in 1996 to approximately 50.13 deaths in 2015, the causes of death are not

reliably attributed [17]. In 2006, Kilifi HDSS data reported an infant mortality rate of 41

5



2.2 maternal health factors 6

deaths per 1, 000 live births [6]. The international community led by Bill and Melinda

Gates Foundation (BMGF), the Global Fund, governments, and other organizations have

increased investment in public health incentives majorly in the fight against AIDS, Tuber-

culosis, and Malaria. This signifies the importance of health as one of the pillars of the

international development landscape for more than 20 years with efforts made to reduce

morbidity and mortality universally [16]. Infant mortality is a key population health in-

dicator and has lifelong implications globally. Several studies have examined risk factors

associated with infant mortality and have broadly grouped them into: i) maternal health

factors; ii) child health factors; iii) demographic; and iv) social-economic characteristics.

2.2 maternal health factors

It has been indicated that maternal factors i.e. age, parity, birth intervals and utilization

of antenatal care services influence child survival [18]. In countries with high mortality,

infants born to mothers aged younger than 15 years or old women aged 35 years or older

are found to experience more deaths and more so pre-term outcomes. Thus, the impact of

maternal age at birth has drawn the attention of many researchers studying risk factors

of infant mortality [19, 20]. The reproductive patterns of women and child mortality

are well documented with studies showing that mortality rate increases with parity [21]

The general thought is that longer birth intervals improves child survival. Closely spaced

births or pregnancies have three causal effects namely:

1. Maternal depletion as the mother is not given enough time to recover from adverse

physiological and nutritional demands related to pregnancy [22].

2. Sibling competition, therefore subjecting the child to scarce resources including care.

3. Transmission of infectious diseases as well as the severity of infection in a household.

The consequence of closely spaced births are; poor health-seeking behavior, high parity,

and breastfeeding for short durations which increases the risk of infant mortality [20].
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Available evidence suggests that utilization of Maternal Health Care (MHC) services in

Kenya is still low with 58% of women making the recommended number of antenatal

care visits of 4 and above during their pregnancy, and 61% of live births delivered in the

health facility [23].

Information about MHC indicators displayed through data visualization platforms can

help to add meaning to complex datasets and accelerate deepening understanding. Through

the use of patterns and trends in outcomes of maternal health highlights the dynamic bur-

den with increased diversity in the magnitude of mortality and morbidity within popula-

tions. Visual displays have helped highlight attributes such as maternal health inequality

in low- and middle-income countries [24].

2.3 socioeconomic determinants

Analysis from ongoing demographic and health survey program indicates the existence

of huge socio-economic and demographic differences between infant mortality in many

developing and developed countries. Parental education and maternal education have a

crucial role in the health and survival of a child. Education provides parents with knowl-

edge and attitudes associated with proper childcare, prevention, and management of ill

health such as utilizing prenatal care and immunization of children. A study done in Nige-

ria observed that there was a decline in child mortality as the mother’s year of schooling

increases [25]. The availability of financial resources in a household means availability of

basic human requirements, i.e. place of residence, water and sanitation facilities, which

consequently influences infant survival. Infants born in slums and rural areas have a

higher risk of death due to lack of adequate resources which increases the risk of expo-

sure to contaminated water, environment and with limited sanitation [26]. Findings from

the year 2003 Kenya Demographic and Health Survey (KDHS) showed that the survival of a

child in urban areas was determined by maternal level of education and awareness. After
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a child has survived the first month of life, ethnicity becomes one of the most important

determinants of mortality [27].

With visual representation of social-economic components and its relationship to in-

fant mortality highlights the social-economic disparities among countries. Infant mortality

statistics are readily available but with aid of visual analytics, it can lead to less ignorance

of its burden and convince countries to major into social-economic development in order

to combat diseases and improve population health [28].

2.4 immunization

Childhood immunization guarantees protection against vaccine-preventable diseases and

it has been defended as one of the most successful and cost-effective health interven-

tions [29]. One million deaths occur in developing countries every year due to vaccine-

preventable diseases and reduced immune function thus increasing susceptibility to infec-

tious and communicable diseases [30]. Countries have different immunization schedules

with the majority of the recommended vaccines given within the first year of life. WHO-

Global Immunization Vision and Strategy (GIVS) encourages developing nations to vacci-

nate their infants with multiple vaccine doses and increase their vaccine coverage to at

least 90% for herd immunity1. GIVS aims to reduce childhood morbidity and mortality to

at least two-thirds compared to 2000 levels [29]. From the WHO and United Nations Inter-

national Children’s Emergency Fund (UNICEF) report estimates of immunization, Kenya

achieved 80% coverage in the year 2016 [31]. With visual displays and integration to points

of data collection, its easier to map out the counties that are underperforming with health

being a devolved unit in the government.

1 Herd immunity is a form of immunity that occurs when the vaccination of a significant portion of a popula-
tion (or herd) provides a measure of protection for individuals who have not developed immunity
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2.5 child health factors

Infants born with low birth weights remain at much higher risk of death than normal-

weight infants at birth. Although the percentage of underweight children declined glob-

ally as a result of hospital-based services, it remains a problem in sub-Saharan Africa and

known to correlate with poor neonatal outcomes in relation to mortality and morbidity

[32]. From 2018 KDHS data, the survey reported 8% of children were born with low birth

weight (less than 2.5 kg). The percentage of low birth weight reported varied from a low of

4% in the Nyanza region to a high of 13% in the Coast region [23]. Another child-level fac-

tor for infant mortality is gender, with studies reporting that males appear to be at higher

risk of death than females. This is attributed majorly due to genetic factors and environ-

mental factors leading to adverse reproductive outcomes. The x-linked immunoregulatory

genes are associated with greater female resistance to infectious diseases [33].

Mosley and Chen argued in their widely cited 1984 article that child mortality in de-

veloping countries is mostly ’the consequence of a series of biological insults’ as opposed

to a single outcome [34]. The top four causes of death in children under the age of 5

years are infectious diseases predominantly pneumonia, diarrhea, and preterm birth with

malaria. Numerous factors may have contributed to the decline of infant mortality in

sub-Saharan Africa. Possible factors include: decline of malaria prevalence, changes in im-

munization rates, giving birth in health facilities and access to safe water and sanitation

[35]. Although some studies do not identify these causal effects, other studies observed

that maternal health factors have a protective effect on infant mortality [36].

In order to draw accurate interpretations from data collected on mortality, focus has

currently been put on the visualization of information [37]. The potential of visual analyt-

ics tools in public health investigation that facilitates discussion from detecting anomalies,

monitoring trends to generating testable hypothesis has grown. However, increasing pop-
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ularity in emerging visual analytics approaches using complex graphs in public health

studies are lacking [38].

2.6 visualization

The story of John Snow plotting of cholera cases has been elegantly told [39]. Ever since

graphs and visualization have played a critical role in epidemiology. Numerous tools and

algorithms have been developed to help health professionals in the public health sector to

analyze and visualize data thus supporting communication, generation of new hypothesis

and making informed decisions [37, 39]. Interest in public health informatics reflects the

critical role that data collection, analysis, and utilization plays in health care. Visualization

is essential for exploring data and presenting results as it harnesses perceptual capabilities

by providing visual insight from data. This includes looking at patterns, trends, features,

anomalies and more so the relationships [16]. Data visualization has lagged from its other

dependent areas of data science such as data capture, storage, analysis, and knowledge

discovery. Besides, there is a capacity gap of the ability of a user to extract answers and

present meaningful information. With current advancement in electronic age, disease bur-

den in a population can be mapped in terms of geographical distribution, demographics,

and risk factors [40]. Visualization tools help researchers to integrate data, synthesize

and visualize information relating to surveillance of disease, prevention, and its control.

Geographic Information Systems (GIS) tools have played a critical role in the detection

of disease clustering, its spread within territories and even predict outbreaks. Modern

approaches to visualization such as phylogenetic trees and social network graphs are in-

creasingly been used to characterize disease outbreaks. Thus, adopting a visual analytics

tool can fundamentally improve task performance from predefined algorithms. In today’s

enterprise solution market, the next breakthrough will come from platforms offering uni-

fied solutions for data mining algorithms and visual interface.
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2.7 visual analytics applications

The Centers for Disease Control (CDC), one of the most influential public health organi-

zation identified visualization as one of six areas of focus to advance health surveillance

in the 21st century. With new approaches to integrating visualization approaches, the

analytical process will help adopt the traditional public health functions [41]. New data-

driven methods are being scaled up to make visualization the end product of scientific

analysis rather than providing exploring capability, thus becoming the central piece of the

scientific process [42]. Tableau [43], one of the leading software in visual analytics was

founded with a simple mission of helping people understand their data and yield ques-

tions that can lead to actionable insights. Tableau was developed for desktop and server

environment and is one of the most popular commercial enterprise application software

used by various organizations. Qlikview, another major player and the biggest competitor

of Tableau, provides an easy way of creating insightful data for visualization [44]. The an-

alytics platform has advanced tools that allow users to interact with their data in a visual

environment [45].

With rapid progress in research, a variety of computer programming languages are

currently in use with diverse strengths for analyzing and visualizing complex data. R is

an open-source statistical and programming environment that incorporates all statistical

tests, models as well as analysis with outstanding graphical capabilities. R has a web API

called Shiny that generates interactive data visualization on the dashboard [43, 46]. Shiny

web development allows customization for programmers to show R out-puts displayed

interactively on a web browser. Moreover, Rmarkdown and knitr package for R and Git

for version control are essential for data analysis and producing dynamic documents.

Metabase also an open-source application, enables the development of data analytics and

business intelligence applications or platforms. Metabase generates GLOPR descriptors
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for object persistency in an automatic way and manages inheritance among meta model

classes [47].

The concept of visual-analytics applications started with open-source tool kits in aca-

demic research institutions but in the recent years we have observed big commercial soft-

ware vendors such as IBM, Microsoft, and SAP integrating VA components into their

frameworks that would eventually promote studying of public health data and ultimately

enhance decline in all forms of childhood mortality [48]. Therefore, developing new tools

with intuitive features that integrate data aggregation to visual analytics and reproducibil-

ity of result amid little training would be essential [40].

2.8 reproducible research

Replication of scientific findings is a core principle of science by which claims are repro-

duced. The more frequent a given relationship is observed by independent scientists, the

more we build trust and credibility of published scientific research and accelerate discov-

ery. Increased data generation comes with the danger of identifying spurious associations

leading to misleading findings. In addition, investigations cannot be fully replicated due

to lack of resources and time in many fields of scientific study [49]. To fill the void be-

tween full replication and evaluating nothing, reproducible research is the alternative

of verifying published results from data sets and methods provided and conducting al-

ternative analysis. Epidemiological studies are the cornerstone of public health and are

instrumental in identifying risk factors associated with disease and are critical in setting

up policy for decisions. Thus, making replication of great importance where findings are

substantiated for preventive healthcare. The prerequisite for reproducibility is good for

population health data which has influenced the population health approach in terms

health outcomes and its distribution and goes beyond focusing on the health status of

an individual [50]. Current epidemiological studies are with relative risks and are more
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easy confounded or with reporting biases. Replication of results from studies will provide

proper interpretation of results and potentially reduce infant mortality [51].

INDEPTH facilitates longitudinal population-based surveillance for researchers from HDSS

sites in low and middle-income countries(LMICs). Major feature of INDEPTH include

multi-center initiatives such as comparative analysis with cause-specific mortality patterns

and effects of changes in climatic conditions [52]. To enhance research data management

capacity, INDEPTH also conducts training for data managers through iSHARE (INDEPTH

Sharing and Access Repository) to affiliated HDSS member sites by standardizing events

files (births, deaths, and migrations) from surveillance data. The data is shared globally

through an online repository which is updated annually [53]. INDEPTH also provides a

platform for visualization of key demographic indicators using INDEPTHstats website

from data held in the repository. The website assists users to make a quick overview

of the information per site which has been used for quantifying MDG, provide cause-

specific mortality and describe the impact of major infectious diseases and relevant inter-

ventions [54]. KHDSS has been collecting infant mortality data for more than 10 years. This

has aided the evaluation of trends that lead to assessment of MDG 42

2.9 summary of the literature

A review of the literature dealing with risk factors for infant mortality was conducted and

various studies reviewed. However, there was no focus on the utilization of automated

visualization platforms globally for studying infant mortality. This underscores the need

for the development of an automated visualization application to answer questions on

child health and surface insights that create impact.

This research on integrated knowledge ecosystem platform at HDSS site will promote

the implementation of analytical data visualization tools and technologies allowing it to

become integral for the scientific process in public health.

2 Reduce child mortality
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D ATA M O D E L F O R T H E I N T E G R AT E D K N O W L E D G E E C O S Y S T E M

3.1 introduction

This chapter focuses on the methodology used in the study by describing the core KHDSS

data and its integration with other studies. Also presented in this chapter are details of

variables used as well as data storage systems and data analysis procedures.

3.2 data sources

The study utilized 2015 Kilifi HDSS dataset of children aged less than one year from the

study population. KHDSS is one of the 52 HDSS sites affiliated to INDEPTH network. These

data was obtained after getting approval from data governance committee at KEMRI-

Wellcome Trust and ethics clearance from the University of Witwatersrand. The core

KHDSS data collected at each re-enumeration round after the baseline enumeration in-

clude;
• Births

• Migrations

• Deaths

• Pregnancy

• Observation (Events)

• Homestead

The demographic surveillance data is stored in an Integrated Data Management Sys-

tem KIDMS which runs on a MySQL service. Data from other studies like the Vaccine

Monitoring System (VMS) are also nested on KIDMS and linked through a unique identi-

fier.

14
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Figure 1: Kilifi HDSS Data Model

3.3 kilifi hdss data model

To monitor population changes that are dynamic, HDSS sites use a Relational Database

Management System (RDBMS) with each site having different data models. The implemen-

tation in each site is built on different proprietary and open-source RDBMS system such

as MySQL, Microsoft FoxPro, PostgreSQL and Microsoft SQL, etc. The INDEPTH entity re-

lationship diagram (see Figure 1) enables the sharing of data between sites. The tables in

the database are linked together to form the relational structure in terms of relationship

between individuals who were enumerated in the surveillance area.

The Kilifi HDSS data model differs slightly with the core INDEPTH model in that, Kilifi

stores migration data on the events log table and missing relationship status to the head

of the household.
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3.4 description of core data

The following are the descriptors of the core KHDSS core data:

• Births: A person born to a resident mother and forms part of new entrant into lon-

gitudinal cohort. Births are significant for the analysis of fertility and the generation

of infant mortality or neonatal deaths.

• Migrations: Migration involves tracking movement of people into/out of surveil-

lance area, usually within the study area or outside the study area. Operational

definition differs from each HDSS site and usually involves recording additional in-

formation like reason for migration and the destination. Migrations form part of

new entrant or exit to the cohort.

• Deaths: Death forms part of the exit to the cohort. Event recorded with documen-

tation by age, sex, with the underlying course of death recorded in verbal autopsy

form. Deaths are critical in the calculation of mortality rates within the surveillance

area.

• Pregnancy: Pregnancy information is collected from all resident women who are

within the reproductive age (15-49) not limited to. Information collected includes:

LMP, whether pregnant and attendance to ANC

• Observation: Observation involves recording all type of events associated with each

individual, the date the event was observed and when the event actually occurred.

• Homestead: A homestead is the dwelling place in which a resident is located. Infor-

mation collected includes: the physical structure and the corresponding geo coordi-

nates.
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3.5 variables and variable measurements

The dependent and independent variables for this study were selected at one time-point

i.e year 2015 from KIDMS surveillance database and Vaccine monitoring system (VMS).

3.5.1 Dependent Variables

The dependent variable in this work was infant mortality (defined as death before the first

birthday)

3.5.2 Independent Variables

The independent variables in this work included: Infant characteristics at the individual

level, infant immunization information and maternal information. The selection of these

independent variables was guided by reviewed literature and Data Governance Commit-

tee (DGC) data approval. Table ?? presents the definition of independent variables.

3.6 statistical analysis

Statistical analyses were performed using the R software/environment. Descriptive statis-

tics were presented in terms of mean, median, maximum and minimum for continuous

variables. To assess for the risk factors of infant mortality, we used the logistic regression

model to analyze data on over 5000 infants.
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Table 1: Definition of variables

Variables Definition Coding

Sex Sex of the child Male (1) Female (2)
birth locn Location of birth Homestead (1) Traveling (2)

Hospital (3) Hospital
death locn Location of death Homestead (1) Traveling (2)

Hospital (3) Other (4)
Longitude Distance north or south of

the equator
Recorded in degrees and
minutes

Longitude Distance east or west on
the earth’s surface

Recorded in degrees and
minutes

Parity No of living children
child’s mother had

(1) <3 children (2) 3-4 chil-
dren (3) 5+

ANC child’s mother attended
ANC

No (0) Yes (1) Don’t know
(99)

preg outcome pregnancy outcome preterm delivery (0) term
delivery (1) miscarriage (2)

gestation duration of pregnancy Numeric response in
weeks

age Age of the mother at birth
of the child

Numeric response in years

vac status vaccination status for the
child

Fully (1)partially (2) not
vaccinated (3)
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3.7 overview of the technology used

The application was developed using the R programming language and utilizes Shiny

code embedded on R Markdown and hosted on RStudio server. Shiny R package provides

a framework for developing interactive web pages while R Markdown assists in creating

dynamic documents.

3.8 r (programming language)

R is an open source programming language for statistical computing and data science.

The capabilities provided by R are extended through user-submitted packages for certain

functions with the core packages integrated with installation of R. We preferred R primary

because of the software ability to handle data manipulation, analysis, graphical display,

integrate with shiny and creation of dynamic documents.

3.9 r shiny

Shiny is a web application framework for building interactive web applications with R as

the backend programming platform to transform analysis into a visual dashboard. Shiny

applications can be extended with HTML widgets, Cascading Style Sheets (CSS) themes,

and JavaScript action.
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3.10 r markdown

R Markdown is an authoring framework rendering file format for making dynamic docu-

ments1 with R. R Markdown supports a variety of file formats including HTML, MS Word,

PDF, HTML5 slides, books, websites, scientific articles, shiny applications and many more

which can either be static or dynamic. R Markdown documents are fully reproducible and

use multiple languages including Python, R, and SQL. Shiny code can be embedded in a

chunk of R Markdown code to make the document more interactive.

3.11 dependencies

The platform is dependent on several R packages including; ggplot2 for elegant visualiza-

tion, maptools for manipulating and reading shapefiles, dplyr for efficiently manipulat-

ing datasets, plotly for analyzing data into grid and allowing graphs to be embedded or

downloaded.

3.12 architecture

The main components of the developed platform involved the R shiny UI (user inter-

face) object and a server script. The two components were passed as arguments to the

shinyApp (embedded on R Markdown) and were combined with additional scripts, data

and other resources for the support of the application. We deployed the application on

R studio server installed on CentOS version 6 (Linux distribution). The R studio server

allows anyone with internet connection and authentication to use the web platform. The

system explores and transforms data into interactive dashboard as means of analyzing

1 A document or a web page that includes content taken from external sources that changes as those external
sources change. Its content is usually based on the user preference.
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and understanding data with different visualization layouts using pre-defined algorithm

as highlighted in Figure 2 and in the process below:

• Source data is uploaded directly to the platform as a flat file(.csv) and used to

construct data tables for internal representations.

• The resulting data tables are then subjected to R graphical libraries ggplot2 and

plotly for visual mappings to generate a visual abstraction and DT package for table

representation. The resulting data structure introduces new visual features creating

spatial layout, shape with predefined, size and color.

• The actual rendering of data deployed by functions of R is done at this stage into a

number of interactive views.

• User interaction with the visualization platform is invoked at this stage. Manipu-

lation through control widgets help sending messages to the application such as

fileInput function, selectInput function, sliders and drop down list.

• Shiny package facilitates connection as it ‘speaks’ to web sockets.

• The R studio server receives requests from end-users then transfers to the R engine

for processing through the web browser. HTML widgets are included in the plat-

form and assign a render call to the output of the server side e.g. renderPlot and

tableOutput

Figure 2: R Shiny Architecture
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3.13 model

The model included setting up of user interface (UI) and the server-side for handling data

for pre-analysis and visualization. The user interface involved:

• Predefined layout functions.

• Adding elements.

• Layout the app using grid the system.

• Using themes and CSS for styling.

• Adding widgets.

Server interface included:

• Listen for changes with reactive or observe objects

• Link of user interface with server by render*or Output* to display tables, text, and

plots.

• Adding dynamic UI

Shiny widgets which is an interactive element on the user interface allows users to

explore the data input. The parameters are called by the Server.R and processed by the re-

active expression for output or the render* functions and sent for display on the user inter-

face (UI). Installed Shiny package comes with pre-build R functions and logical strings of

arguments. Widgets ensure users only select plausible value, the application has widgets

for selecting the input variable or groups for the dependent and independent variables.

Shiny *Output functions which are defined in server.R call the reactive R objects. *

denotes object such as table (for display of data view and summary statistics), plots (for

graphs and maps) as well as text (for regression interpretation of output)
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The server controls the user input which then gets displayed on the user interface.

Once the application is initiated by data input, loading of package libraries, themes and

functions will be executed. The dataset and infographics (with static display) tab will

display the uploaded KHDSS data. The other remaining tabs (with dynamic representation)

i.e graphs, exploratory analysis, regression, trends, and spatial distribution which have

reactive expression (render* function) will be executed depending on the change of a

widget. E.g For logistic regression, after choosing any predictor and response variables the

user displays the output (statistical significance and effect size ) by clicking the reactive

action button for the output object( table and text). The other remaining tabs, plotting of

outcome depend on re-execute of every reaction of widget change.

Features of the platform included: Data inspection, cross-tabulation, Univariable/mul-

tivariable logistic regression, trends display and spatial analysis. All the results from dif-

ferent tabs are downloaded as .csv or .png for plots. The platform allows navigation and

zooming options. Since the application is hosted on a Shiny Server, users can concurrently

access the application.

The Shiny package of R helped to visualize and performed automated analysis by

studying infant mortality from the KHDSSdata and demonstrated data visualization as

a promising alternative for display and communication of public health data.

3.14 summary

The outcome of the data visualization platform will foster improved hypothesis genera-

tion, especially in the quantitative skills gap. Furthermore, data visualization can greatly

improve public health’s ability to tell stories. We present several use cases in the next

chapter as proof of concept and describe the platform’s components.
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U T I L I T Y T O O L S A N D M O D U L E S F O R T H E I N T E G R AT E D

K N O W L E D G E E C O S Y S T E M

This chapter presents the features of the platform. Thereafter discuss the use case of the

application and results generated using dataset from Kilifi HDSS.

4.1 introduction

We illustrate the performance of the application by using a dataset of 5, 288 records. There

are six utilities from the design layout implemented at each tab representing an analytic

entity within the platform. Each entity or module provides an easy to use graphical user

interface focusing on analyzing infant mortality data. In this chapter, we discuss these

modules by demonstrating the features available and input or output data. To carry out

these pre-analytics, users need to upload data files, then process the output through the

generation of tables of values and plots with results.

4.2 dataset tab

The dataset tab consists of three panels (see Figure 3) with a data upload section. The

panels are dedicated to help the user understand the corresponding uploaded dataset.

these are:

1. Data view: Each column on this panel represents a variable while each row repre-

sents a case. The view allows filtering by column i.e. searching a word in any of the

24
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columns or the entire table. It is also possible to sort the rows in an ascending or

descending order.

2. Data structure: Displays the number of variables, number of observation and the

data class.

3. Summary statistics: Provides a quick and simple description of continuous vari-

ables. Includes mean, median, mode, the minimum value, maximum value, range,

standard deviation, skewness, kurtosis and standard error.

Figure 3: Screenshot showing data upload sidebar with dataset variables, data structure, and sum-
mary statistics panels

The dataset tab displays part of the descriptive statistics of the uploaded data and

the sample size. Summary statistics for maternal age at birth, parity and gestation pe-

riod which were part of the main factors influencing infant mortality are displayed for

researchers. Figure 3 displays mean of 27 years, 37 months and 4 for maternal age, gesta-

tion period and number of previous pregnancies respectively. These figures are usefully

in aiding policymakers in decision making e.g Informing mothers the importance of fam-

ily planning as a pillar of improved child health outcomes with high numbers of previous

pregnancies observed.
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4.3 infographics tab

The infographics provides an overview of the KHDSS data with key information about the

uploaded data (See Figure 4). The tab displays the total number of observations, female-

male ratio, ANC coverage, immunization proportion, infants mothers age groups and the

KHDSS map with infants’ death rates.

Figure 4: Screenshot showing KHDSS infographics

GIS tools have helped public health researchers to detect disease clustering. Figure 4

displays infant mortality spatial data at KHDSS, locations with dense color indicates ar-

eas with more infant mortality rate. The Antenatal Care (ANC) coverage is wanting with

only 57% of pregnant women attending ANC. The data can generate smart hypothesis to

ascertain if mortality risks maybe be as a result of differences in health-seeking behavior.
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4.4 graphics tab

The graphics tabs assist the user to visualize and summarize aspects of the dataset up-

loaded by providing familiarity with the data. After selection of a particular variable,

the system automatically uploads specific graphs e.g if the input variable is continuous

and group variable is categorical then platform displays a box plot while if all the input

variables are categorical the platform uploads bar graph ( See Figures 5 and 6)

The box plot displays can aid policymakers verify the mean age of mothers with refer-

ence to place of birth which is also a determinant of infant mortality. Figures 5 indicates

that women with a lower mean age (26 years) give birth at hospital compared those

women who give birth at home (28 years). From the data, policymakers need to put more

emphasis on older women on the importance of giving birth at the hospital.

Figure 5: Graphics tab display: A box plot of mother’s age stratified by birth location
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Figure 6: Downloaded graph from the graphics tab display: A bar graph of immunization status
stratified by birth location

4.5 exploratory analysis

The exploratory tab allows one to perform tabulation of data in rows and columns. The

platform can perform either one-way tabulation (data tabulated to one characteristic) or

tow-way tabulation (data tabulated on two characteristics). Tabulation summarises data

readying for further analysis as shown in Figure 7.

Descriptive results from the cross-tabulation further showed that the majority of infants

who died were not vaccinated (23.6%) compared to 5.7% and 0.2% for those partially and

fully vaccinated respectively. It is recommended that strategies to address poor vaccine

coverage to aid the reduction of infant mortality be strengthened.
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Figure 7: Screenshot showing tabulation tab

4.6 regression tab

This section allows the user to load-dependent and independent variables then launch the

analytical process by a single click ( See Figure 8). The regression tab aims to simplify the

task of establishing association and highlights variables that appear to have a significant

relationship for the user. The Generalized linear model (GLM) function was fitted with the

R packages DT tables for table representation.

4.7 trends tab

Monthly Infant mortality rates per 1000 live births for the year 2015 are presented in

Figure 9. The month of August 2015 recorded the highest death rate at 35.5 while month

of January recorded the lowest death rate.

We recommend a longer duration of data instead of one year for the study of infant

mortality trends to assist in policy recommendations based on the characteristics of the

data.
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Figure 8: Regression tab: Logistic regression display

Figure 9: Trends Tab: KHDSS infants Death rates(2015)
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4.8 spatial distribution tab

We illustrated the spatial distribution of infant deaths across the Kilifi HDSS surveillance

area for the year 2015. First, we needed to upload the data file with coordinates (.csv),

then we uploaded the shapefiles containing the areas of study region (Kilifi KHDSS study

area). After uploading all the required files, the application automatically checks if the

files are correct then loads the results in the output section (See Figure 10). From the map,

most deaths are concentrated within Kilifi township and sparsely distributed within the

rural areas. Scaling of intervention in areas with more infant deaths in the community

will play a significant role in reducing infant mortality and also set up studies for causal

relationship.

Figure 10: Spatial distribution of infant deaths in KHDSS



4.9 results 32

4.9 results

Table 2 gives the descriptive statistics of variables stratified by survival status (either

dead or alive) for data obtained in 2015. Of the 5, 288 infants, 2, 705 (51%) were females

while 2, 283 (49%) were males. The infant’s mother’s age ranged from 13 to 55 years,

with mean a age of 27.0 and 26.5 for those infants who were alive and died respectively.

The vaccination status varied widely among infants who died with almost a quarter 72

(23.6%) reporting to have been unvaccinated while 43 (5.67%) were partially vaccinated

and only 11 (0.26%) reported to have been fully vaccinated. With respect to birth location,

106 (2.65%) infants were born in hospital died while only 19 (1.5%) infants and 1 (4.17%)

infant born at homestead and while traveling died, respectively.

Table 2: Descriptive Characteristics

Variable Category Alive n(%) Dead n(%)

Mothers Age
(mean,SD)

27.09(6.96) 26.50(6.92)

Gestation (mean,
SD)

37.56(4.24) 35.67(2.38)

Previous Pregnancy
(mean,SD)

4.02(2.44) 3.89(2.38)

Sex
Male 2632(97.3) 73(2.7)
Female 2530(97.95) 53(2.05)

Immunization Status
Fully vaccinated 4214(99.74) 11(0.26)
Partially Vaccinated 715(94.33) 43(5.67)
Unvaccinated 233(76.39) 72 (23.61)

ANC Attendance
Attended ANC 2957(97.62) 72(2.38)
Not Attended 1858(97.48) 48 (2.52)
Don’t Know 347(98.3) 6 (1.7)

Birth Location
Homestead 1250(98.5) 19 (1.5)
Hospital 3889(97.35) 106 (2.65)
Travelling 23 (95.83 1 (4.17)
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Table 3: Logistic regression analysis results

Variable Category OR(CI 95%) P-Value

Mothers Age 1.02 (0.98, 1.07) 0.330

Gestation 0.92 (0.88, 0.96) <0.001

Number of Preg-
nancies

1.02 (0.9, 1.16) 0.717

Sex
Female Ref
Male 1.29 (0.84, 0.24) 0.247

Immunization Status
Fully vaccinated Ref
Unvaccinated 167.08(81.99,

388.58)
<0.001

Partially Vaccinated 28.46(13.81, 66.41)

ANC Attendance
Don’t Know Ref
Not Attending 1.50 (0.5, 6.54) 0.665

Attending 1.68 (0.57, 7.21)

Birth Location
Homestead Ref
Hospital 2.23(1.29, 4.08) 0.024

Travelling 1.97(0.09, 14.26)

In the logistic regression analysis1, gestation period, birth location and vaccination sta-

tus were significant predictors of mortality. We found that gestation period was associated

with a 8% reduction in infant mortality (OR = 0.920, 95% CI: 0.98, 1.07 (p<0.001)). On the

contrary, infants born in hospital were 2 times more likely to die than infants born at the

homestead (OR = 2.23, 95% CI: 1.29, 4.08 (p=0.024)). Mortality was significantly higher

among the unvaccinated infants (OR = 1.969, 95% CI: 81.99, 388.58 (p<0.001)) and par-

tially vaccinated (OR = 28.462, 95% CI: 13.81, 66.41 (p<0.001)) compared to infants who

were fully vaccinated. Mortality was not associated with sex, mother’s age or attendance

to antenatal clinic. See Table 3 for logistic regression analysis result extracted from the

platform.

1 Function to model binary dependent variable
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4.10 summary

The findings generated by the automated visual analytic platform indicate that infant mor-

tality remains a public health challenge. The application further displays infant mortality

variations per location based on GIS data which can relate to the national level trends in

Kenya.

The platform proved to be an interesting and valuable analytical tool to health care

workers as time spend on analytical work is expedited. Measures aimed at addressing

issues of infant mortality can be pursed based on the results generated by the application.

With the advocacy of open access, the platforms code is immediately available without

access restrictions that allow other users to read, download, and with concomitant collab-

orative development for the application improvement or introducing new functionality.

Therefore, the developed application is carefully documented for deployment purposes

as well as to attract visibility and contribution from the community.
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U S I N G T H E I N T E G R AT E D K N O W L E D G E E C O S Y S T E M I N O T H E R

H D S S

This chapter presents the deployment consideration of the platform to other HDSS sites,

the prerequisites, and the infrastructure consideration.

5.1 a situational analysis of the current data-ecosystem context of

hdsss and their relation to the platform

The effective design of HDSS sites databases are essential and provides the potential for

synergy and pooling of data from multiple studies that maintain the dynamic population.

The data usually has three main dimensions;

1. The entity: Relates to the set of items been described which should be captured and

stored in the form of properties, tables or workflows.

2. Its attributes: Refers to the database component that describes each entity.

3. Time: Describes the ever-evolving relationship between entities.

HDSS sites have each customized their site-specific databases around a Reference Demo-

graphic Surveillance Data Model (RDM) [55] as shown in Figure 11. These customizations

include changes in the database schema that are built on different proprietary RDBMS

and laid on different generic system for data capture as well as ‘Open HDS’ as shown in

Table 4.

The structure of RDM is highly normalized therefore reducing the likelihood of data

inconsistency. In order to respond to a wider spectrum of HDSS needs, the RDM allows

35
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Figure 11: Reference Demographic Surveillance Data Model

easy integration of additional components depending on the site needs without losing its

clear overall structure.

Kisumu, Harar, Kombewa and Agincourt HDSS sites adopted the RDM entirely. However,

Kilifi and Moramanga HDSS have notable difference compared to the four sites which

include:

• With the Kilifi and Moramanga HDSS database schema, all events (i.e. births, deaths,

and migrations) are logged as a single entity and categorized by the type of event.

While in Kisumu, Harar, Kombewa, and Agincourt each event is logged as a single

entity. The major drawback of utilizing a single entity for all events is the potential

of having a huge volume of data in the events table that might slow down the

application or the database.
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Table 4: Sample implementation at 6 HDSS sites

HDSS Site (Country) RDBMS Application Data Collection tool

Kilifi (Kenya) MySQL Customized web-based PHP Electronic (Windows Tablets)

Kisumu (Kenya) MS SQL Customized VB.Net Electronic (Netbooks)

Kombewa (Kenya) MS SQL FoxPro Electronic (Netbooks)

Harar (Ethiopia) MySQL Open HDS Android Tablets 3rd party web server

Agincourt (South Africa) MS SQL Customized Redcap

Moramanga (Madagascar ) MySQL Customized web-based PHP Android Tablets 3rd party web server

• The other difference is that the RDM has a social group table that captures ‘a full

family tree’ with each individual associated with one or more social group, for

Kilifi HDSS there is only self-referencing on mother to child.

• The other remaining entities are similar with differences in how tables and variables

are named. e.g. tables are either named individual or person, resident episode or

residence, event or events log.

• In some sites (Kisumu and Moramanga) the assignment of the unique person iden-

tifier (PID) utilizes a composite key i.e. they construct their PID by combining keys

from different tables by use of location, village, household and member-number

(uniqueness is guaranteed when columns are combined) while in Kilifi and Agin-

court an auto-increment keys is used.

• Apart from the differences in the database schema structure and the type of appli-

cation for data collection, HDSS sites have operational differences in ways of data

collection and definition of terms e.g. in Kisumu dwelling(s) are defined as a house-

holds while Kilifi dwelling(s) are defined by homesteads with no reference to those

who eat from the same cooking pot like the other HDSS sites.

• Each year, almost all HDSS sites have a special cross-sectional census module nested

within the surveillance system to collect social-economic data (SES) and additionally

bed net usage data for Kilifi HDSS.
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5.2 deployment consideration and data linkage

The key strength of HDSS sites is the integration with other research studies. To create a

single dataset in a standard format from the core dataset [21] and other platforms like

cohort studies, observational studies, clinical trials or national surveys, can be a daunting

task but achievable. The INDEPTH Data Management Programme (IDMP) was formed

to enhance research data management capacity to member centers and enable them to

perform data extraction from different data sources, pre-processing then harmonizing

and creating an analytical dataset [53]. For studies missing automated linkage to the

core HDSS data will utilize the Extract Transform and Load (ETL) process by use of business

intelligent suites like Pentaho data integration program or by use of SQL queries and

configuring the data into standard variable format see figure 12 for data upload. The ETL

capability makes the data more responsive at run-time and available in a flat-file format.

The method for deploying the integrated knowledge ecosystem application varies with

respect to the type of data model and, the organization’s infrastructure. Whatever the

outcome of interest, the developed application can be used to measure its effect such as

mortality, morbidity, assessment of effectiveness of bed net, factors for malnutrition etc.

The INDEPTH Network member HDSS sites use different database structure to store their

corresponding surveillance data. However, all participating sites have a common event

attributes for the core dataset as shown in Figure 12 and a range of different research

studies as from the sample listed in Table 5 [6, 56–58].

Based on reports published by Kisumu and Dodowa HDSS with focus on data linkage

and integration [56, 57] with a strategy of deploying the application. The linkage process

at points of health contacts relies on matching centered on self-reported characteristics

using basic demographic information (Names, date of birth, Location and Landmarks) to

determine if the said individual already exists in the population register thus avoid mul-

tiple registration and thereafter assigned a unique identifier in the database see figure 13.
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Figure 12: Core data: Common event attributes for the INDEPTH data specification

Kisumu HDSS additionally uses biometric finger scanners to uniquely identify individuals

while Dodowa HDSS assigns unique permanent identifier number and issues a card to

individuals within the surveillance area. The two sites supplement(validate) names and

date of birth, not replacing them [56, 57].

For HDSS sites with different data structure and not affiliated to INDEPTH, users have

to create a flat file (.csv format) with a binary dependent variable ( two categories labeled

as “0” and “1”) then add other desired risk factors as independent variables either as

continuous, discrete or categorical variables for data upload as highlighted in chapter

3. With the convergence of HDSS and other research studies data, the deployment of the

application will now rely on the infrastructure.
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Table 5: Research studies conducted in INDEPTH member HDSSs in Africa

List of research studies conducted in different HDD sites in Africa

Research Study HDSS Site(Country)

HIV/AIDS Kisumu(Kenya), Dodowa(Ghana),Nouna(Burkina Faso)
Malaria Kilifi(Kenya), Dodowa(Ghana), Kisumu(Kenya),Farafenni(Ghambia)
Verbal Autopsy Kisumu(Kenya), Dodowa(Ghana), Argincourt(SA), Kilifi(Kenya)
Tuberculosis Kisumu(Kenya), Dodowa(Ghana), AHRI(SA), Kilifi(Kenya)
Malnutrition Kisumu(Kenya),Kilifi(Kenya),Nauna(Bukina Faso)
Pneumonia Kisumu(Kenya),Kilifi(Kenya),Harar(Ethiopia)

Figure 13: Health and Demographic Surveillance System linkage to Cohort studies

5.3 infrastructure consideration

The main application is developed using rmarkdown and embedded on the shiny app

and can be deployed to any major Operating System (OS) (Windows, Mac or Ubuntu)

either in the server or client environment. The code is hosted at Github through which

it provides source code control service and can be reused to promote knowledge sharing

with accompanying documentation on how to host the application.

There are several ways in which the developed platform can be deployed, the fastest

route would be to host the platform on Shiny cloud server. The cloud deployment is

https://github.com/daakiv/infant_mortality_app
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scalable and easy to use with no hardware requirement or purchase contract required.

However, for private shiny-server the following are the requirements;

• Installation of Linux distribution operating system e.g Ubuntu 14.04 and higher or

Cent OS

• Latest version of R installed (Version R 3.5.2)

• Installation of RStudio server.

System requirement include;

• Minimum of 4 GB RAM; The amount of memory consumed by the application

depends on the data loaded, thus with the ever-growing HDSS data it would be ideal

to invest in scalable memory architecture.

• Since R is a single-threaded application it is recommended to have at least two

running cores running at 2.0 GHz or greater.

• At least 20 GB solid-state drive (SSD) for reliability.

After downloading the application from Github and changing the working directory

(using the setwd R function) for linkage to the dependency applications and data inputs(

shapefile and vaccine data) as documented on the code (data files must be on the same

directory as R Markdown document and Shiny application). First deploment after launch-

ing the application may take few minutes, as RStudio installs referenced packages to

the new environment while creating other dependencies like folders for deployed scripts,

functions and images. The deployment of the application will allow working from any

internet enabled location after its configuration. For further references on administrators

guide for installation of shiny server, see the Shiny server documentation.

https://github.com/daakiv/infant_mortality_app
http://docs.rstudio.com/shiny-server/
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5.4 summary

After the deployment of the platform to other HDSS centers, users can exploit the functions

of the application and also engage in collaborative improvement with the implementation

of important avenues for future work. Collaborations is hard, nevertheless with the use

of Git for version control and Github which is ideal for decentralized repositories, task

management, bug tracking, and future request will be easy to handle instead of exclusive

ownership of source code.



6
C O N C L U S I O N A N D F U T U R E D I R E C T I O N S

6.1 conclusion

Dynamic visualization platforms remain a promising alternative for communication of

complex datasets and displays, allowing health researchers to efficiently use and reason

through the research data. To drive interest and support visualization applications, stud-

ies have highlighted the importance of on-going training for users to improve perceived

transparency on the tool and which may increase the adoption rates [59]. Through the use

of KHDSS data, we have shown that visual analytics tools can address the concerns of the

populace.

Findings from the platform provided important insights and highlights the necessity

for vaccinations of infants at the right time. Many Eyes [60], a web-based visual intelli-

gent application tool identified polio vaccination coverage for children 19-35 months in

the United States of America (USA), by race, poverty level and more importantly by geo-

graphic location. The application is been used to identify states with lower polio vaccine

coverage and has helped to monitor polio in the USA with the last case occurring in 1979

[60]. These highlights the urgent need for policymakers to enhance monitoring, planning

and promote recommended vaccination schedules for infants [61].

Infants born to mothers with a gestation period greater than 37.5 weeks, had a 9%

reduced odds of dying. In sub-Saharan Africa, low birth weight due to preterm births

is a predictor of infant mortality [62]. Tableau, health care analytics has been useful in

identifying mortality risk factors, trends that exist and who is a risk [62].Our findings

43
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suggest intervention strategies targeting preterm births to improve survival by scaling the

use of visual analytics applications.

Surprisingly, infants born in hospital had a higher odds of dying compared to infants

born at the homestead. This result might be confounded by several factors including: Fer-

tility behavior, nutritional status, breastfeeding, infant feeding, health-seeking behaviors,

environmental factors, health conditions, social-economic status, HIV status, and number

of hospital admissions [63].

Visual analytics is an emerging field in research, and we demonstrated its strength with

focus on preprocessing of data, geospatial analytics, statistical analytics and scientific

analytics by providing smart hypothesis through knowledge discovery that will help to

inform decision.

6.2 future direction

Future strategies of the visualization platform will focus on three main areas: First, the

platform could benefit users by inclusion of a view presenting any questionable data in-

order to draw meaningful and accurate conclusion. This can be achieved by including

data quality function to avert any concerns. Skewed distribution, outliers, missing data,

duplicate occurrences and in-consistency between relevant fields should be captured and

allow filtering of such cases.

Another important feature is to make the application compatible with existing data for-

mats and a feature to allow merging of different datasets seamlessly. To avoid redundancy

of efforts in demographic surveillance sites, HDSS team collaborations is essential for the

development of the application on a broader context of existing data.

The third future direction is integrating a model for predictive analytics. Depending

on the selected target attribute, the platform should be able to predict future events like

disease outbreaks, predict trends from time-series data on the surveillance system or even
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predict individuals who as more likely to be infected. Statistical details for the model that

provide details for the statistical test used with its effect size and statistical significate

level will be provided for users on the dashboard.
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