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ABSTRACT

There is growing use of big data and public health data sources in many areas of public health need. Data science is an interdisciplinary field
that may have great utility in public health and epidemiology in the search for solutions to many public health needs or problems. Real-world,
big data that are continually being collected permit the use of data science methods to address public health problems. This review describes
essential concepts in data science from a public health perspective. A case study that utilizes data science thinking is offered to illustrate the

application of public health data science for public health professionals in India and the South-East Asia Region.

Keywords: Cross-industry standard process for data mining, Data modeling, Data science, Domains of public health data science, KNIME

analytics platform, Public health
Asian Pac. J. Health Sci., (2020); DOI: 10.21276/apjhs.2020.7.4.18

INTRODUCTION

Globally, there is enthusiasm and appreciation for the use of big
data and public health data sources in health services, public health,
environmental health, behavioral and social health, and many areas
of health need™ This led to the need to describe how modern
analytic methods can be used to address issues pertaining to deriving
meaningful insights from data for public health and epidemiologic
action.” Machine learning includes a family of methods that can
be used to help address the data needs for public health action. The
methods of machine learning are part of the professional knowledge,
methods, and applications of data science.*” Therefore, it seems
essential to describe data science and its application in public health.
In this review, the main concepts of data science will
be described, and such the key principles of supervised and
unsupervised learning will also be discussed. This will be followed
by a description of the domains relevant to public health data
science. Finally, a possible application and case study of public
health data science will be presented using a data science open-
source software platform to address a public health problem.

CoNcEePTs IN DATA SciENCE FOR PuBLIC
HeaLTH

Data Science

Data science is not the application of scripting computer
programming to a dataset. Rather, it is an interdisciplinary field of
scientific methods, processes, and systems to extract knowledge or
insights from messy, big data in various forms, either structured or
unstructured data, and is similar to data mining.>® The amount of
public health data collected globally in any year requires methods
that utilize advanced professional knowledge and methods from the
field of data science that can be used with labeled data (or structured
data) and unlabeled data (or unstructured data) to address public
health or epidemiologic problems affecting the population.

Data science is a discipline that uses quantitative methods,
including statistics, mathematics, technology, domain knowledge,
and professional curiosity, to develop algorithms designed to
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discover patterns, predict outcomes, and find optimal solutions
to complex problems of a specific domain. This discipline employs
techniques and theories from mathematics, statistics, information
science, computer science, datalakes, data mining, data warehousing,
databases, data visualization, artificial intelligence, and big data, to
name just a few. A sound foundation in applied statistics, including
graphing data, seems to be a prerequisite to embarking upon the
study and use of data science methods for populations.

For this review, we offer a functional definition of public health
data science. This definition seems necessary as we consider the
application of data science for public health problems: Public
health data science is the application of data science knowledge
and methods along with traditional analytic methods of public
health (public health epidemiology and biostatistics) to address
public health issues and matters of concern.

Data Science: Data Science Steps in Problem - Solving
in Public Health

When attempting to address a public health problem using a
big data source, a problem-solving framework is useful. The
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framework adopted by those using data science methods is a
step-wise process adapted from the data mining field. This process
is known as the Cross-industry Standard Process for Data Mining
(CRISP-DM).1671

The CRISP-DM process has the following steps:

1. Problem statement - Articulation of the problem to be
addressed using data science methods and techniques. This
“problem statement” should be amenable to analysis using
data science methods.

2. Subject matter understanding — The problem statement
has its basis in a specific domain of knowledge. Professional
domain knowledge is essential for the successful completion
of a data science project.

3. Data understanding - Identifying the data source and
verifying data quality.

4. Data preparation - Selecting data, cleaning data, preparing
the data, and reformatting the data for data analysis and data
modeling.

5. Data modeling — Selecting the data modeling technique,
partitioning the data (training data; test data), building the
data model, and assessing the data model.

6. Data model evaluation — Evaluating the results of the data
model before deployment to determine how the model
addresses the “problem statement” using test data.

7. Data model deployment - Using the data model on unseen,
process data to generate a report or produce another dataset
for analysis; monitor and maintain the process of using the
data model on unseen, process data.

The use of data science knowledge and methods in public
health is different from the use of public health research methods
and statistics to address a public health problem. In the first
instance, real world, existing data are used with data science
methods to develop data model that is then used with real-world,
unseen data of the type that was used to develop the data model
to address a public health problem. In the second instance, data
are collected using public health research methods and statistics
to develop a proposed model to explain the phenomenon. This
explanation is, then, generalized to the population in the hope that
the proposed model behaves probabilistically in the population as
it did with the collected data to address the public health problem.

Data Preparation

In practice, identifying the source of real-world data that will be
used to address the “problem statement” and preparing the data
for use in model development is known as Data Preparation or Data
Wrangling. Keeping in mind that not all data are useful, the data
preparation phase requires many technical skills, logic, intuition, and
curiosity to be applied to understandings of various sources of data
and preparing the data for data modeling. While various authors
have highlighted certain technical skills and abilities necessary for
data preparation,® the main actions include the following:

e  Finding the data (raw data/initial data)

e Accessing the data for quality (raw data/initial data)

e  Understanding the layout and patterns in the raw data/initial

data

e  Selecting data elements from the raw data/initial data for the
project

e  Preparing the data for a new data set that will be used for the
project

e (Creating a new dataset for the data science project that will
address the “problem statement”

e  Understanding the layout and patterns of this new dataset

e  Partitioning the new dataset into a training dataset (80%) and

testing dataset (20%).

Many of these same authors®>® explain that the process of
getting the data, understanding it, cleaning it, and preparing it
for further data visualization and data modeling as both difficult
and time-consuming from a data science perspective. This may be
linked to using real-world data that were not explicitly collected
to address a public health problem. By contrast, from a statistics
perspective involving public health research methods and sample
size, data preparation is likely less involved because the data were
specifically collected to address a public health problem.

Data Visualization

A fundamental part of data science includes data visualization.®'”
Various types of business intelligence software, statistical software
packages, open-source programming languages, and even
spreadsheet applications can assist with data visualization (it is
beyond the purpose of this review to show the various types of
data visualization techniques). That said, it is important to realize
that data visualization is a graphical way to examine data to
identify patterns in it or to communicate a message.

The study and practice of epidemiology have been using
data visualization methods for a very long time. Recall the
important contributions of John Snow to the study and practice of
epidemiology [Figure 1].

This figure includes the citation
Geographic):

“This map of London was created by John Snow in 1854. London

was experiencing a deadly cholera epidemic, when Snow tracked

the cases on this map. The cholera cases are highlighted in black.

Using this map, Snow and other scientists were able to trace the

cholera outbreak to a single infected water pump.”

The principles of data visualization, for the perspective of
public health data science, are as simple and profound as John
Snow and the “Cholera Map” from London in 1854: He told a story
with data and a map.

The technologies available to public health epidemiologists
(public health data scientists) do not displace the fundamentals
of what John Snow illustrated for us: Every story has a beginning,
middle, and an end. Public health and epidemiologic data help us
tell a story and to see the patterns in data that lead us to public
health problem-solving and public health action."

(Wikipedia; National

Handle (Wikipedia)

71 Asian Pacific Journal of Health Sciences | Vol. 7 | Issue 4 | October-December | 2020



www.apjhs.com

G. V. Fant and A. Purohit: Public health data science

Data Modeling

In data science, data modeling has its foundations in applied
statistics and data analytics. In data science, professional
knowledge and methods seem expanded to include labeled
quantitative data, unlabeled data, and text data (Image data are
usually connected to artificial intelligence and not a part of this
review).

Remember, from the data preparation phase, a data set was
prepared to address the “problem statement” Moreover, the
dataset is very large. These data may be divided into two parts (or
the data were partitioned): Training set (80% of the total dataset)
and test set (20% of the total dataset) depending on the data
modeling-data analysis needs. Using the training dataset, statistical
and analytic methods permit the extraction of meaningful insights
and solve problems. We will compare the results from the training
dataset with the testing dataset.

There are three broad families of data modeling methods:
Supervised learning; unsupervised learning; and associations.’>'%'2
Thereaderwhois skilled in epidemiology and biostatistics (possibly
learned in a Master of Public Health MPH degree program) can
think of the various statistical methods from these subjects to be
assigned to supervised learning in the study and practice of data
science.

In Table 1, the families of data modeling methods are briefly
categorized.®”'? This categorization may enable the reader to
better learn how these methods behave in a software package
of her/his choosing. It does not matter what software package is
used to learn these methods provided that the software package
is able to perform the analysis.

Machine learning (ML) includes techniques such as Bayesian
methods; neural networks; natural language processing; and
decision trees. ML is about data pattern recognition by the
computer without explicit programming to perform a specific
task. In this way, the computer teaches itself to employ these
techniques on big data to identify patterns in it."'>'¥ The data
modeling phase is also concerned with issues of model accuracy,
such as comparing results of the modeling between the training
and test datasets.

Table 1: Categorization of common data modeling families used in
data science
Brief description
Labeled data to predict a target field, using
one or more predictors
Examples:
« Linear regression
« Logistic regression
« Decision trees
Unlabeled data to group or cluster records
based on more or more fields
Examples:
- K-Means
« Anomaly
- Natural language processing (used for
text data)
To describe relationships between categories
Examples:
« Apriori
- Sequence
- Association rules

Data modeling family
Supervised learning

Unsupervised
learning

Association

Data Model Evaluation

In the evaluation phase, the data modeling efforts are examined in
terms of the original “problem statement."®”’ Domain knowledge
is needed to evaluate the data modeling efforts for whether or not
the data model addresses the “problem statement” and the utility
of the result. Accuracy of the data model (from the data modeling
phase) is a different matter from the evaluation of the data model
for its ability to address the “problem statement.”

Data Model Deployment and Decision-making

In the deployment phase, we are taking our prior model and
using it in a real-world setting. Unseen, real-world data are now
presented to the data model.*” The outcome or deliverable of the
deployment phase could be as simple as generating a report of
results, using the model to create a dataset for further analysis,
deploying the model to address a real-world problem in the
domain knowledge area, monitoring the use of the data model
in a real-world application, etc. In the context of the real-world
setting and the original “problem statement,” we are now making
decisions based on the real-world data and the data model that
were constructed.

Domains of Data Science Used to Address the Public
Health and Epidemiologic Conditions Facing a
Population

Upon reflection, three main skill domains - programming, statistics,
and data mining, along with public health and epidemiology
— likely comprise public health data science [Figure 2]. Other
areas of expertise may also be needed such as typical public
health research and statistical methods, public health database
management skills, and an appreciation for computer algorithms.
A tacit, necessary skill set for the public health epidemiologist
who intends to practice in the field of public health data science
is the need to upskill personal technology capabilities (e.g.,
refine statistical software skills, ETL — extract, transform, load -
skills, relational database skills, familiarity with an “open-source”
programming language, such as the current version of Python,
and data mining software). The study and practice of public health
data science need all of these skill sets applied to messy big data
to help address public health and epidemiological problems
impacting a population.

Case Stupy: PuBLic HEALTH DATA SCIENCE
FOR PuBLIic HEALTH PROFESSIONALS IN INDIA

Background

In a blog-post at PATH.ORG, Neeraj Jain, PATH country director for
India since 2016, reflected on the ways in which public health in
India changed over the last decade.' Jain discussed seven public
health issues:

1. Decreasing trend in communicable disease

Focus on prevention

Reduced neonatal mortality rates

Addressing antimicrobial resistance

Improved nutrition

Use of digital health and artificial intelligence for social impact
Stronger government accountability.

NowuhkwnN
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Analytic Systems:
Think-Public Health
Database Management

Algorithms: This
process or rule sets
to be followed for
problem-solving
operations by
computers

Public Health Data Science-extracting
insights from messy data. Includes: big
data analytics, data mining, predictive
modeling, data visualization, with
structured and unstructured data
for public health action

Typical Public Health
Research and Statistical
Methods

Figure 2: Domains comprising public health data science

Problem Statement

The question that comes to mind is a simple one: Do we really
see the improved nutritional status in India using open, public-
use data for the past decade? We would expect to see an annual
improvement in nutritional status in India from the prior decade.

Public Health Context

From a public health perspective, the nutritional status of a
population is a major concern.’>'® The study and practice
of epidemiology remind the public health professional that
population-level, trend data on a public health condition is an
indicator of the pattern of the health condition in the population
and is influenced by many factors, including governmental action
and public health interventions.''! Public health knowledge
development using big data includes:
e Looking for data patterns (including data visualization)
e  Studying prevalence and incidence in a population
e  Predictive analytics: Predictive modeling and simulation.
Malnutrition in India and the Indian Subcontinent is among
the highest in the world. The measurement of malnutrition in
a population (as in some type of annual, prevalence value for a
population) would provide public health leaders, planners, and
epidemiologists with a sense of the nutritional status in a country.

Identification of Data and Data Preparation

Global public health data of high quality are difficult to find.
To address this, the first place consulted was the open-data
repository of the World Bank, entitled “Databank” A dataset
entitled “Prevalence of undernourishment (% of population)” was
found.? From 2000 to 2018, the prevalence of undernourishment
(% of population) decreased worldwide from a high of 13.7% to a
low of 8.6%. The World Bank report (in the notes accompanying
the data):

“Population below minimum level of dietary energy consumption
(also referred to as prevalence of undernourishment) shows the
percentage of the population whose food intake is insufficient to
meet dietary energy requirements continuously. Good nutrition
is the cornerstone for survival, health and development. Well-
nourished children perform better in school, grow into healthy
adults and in turn give their children a better start in life. Well-
nourished women face fewer risks during pregnancy and
childbirth, and their children set off on firmer developmental
paths, both physically and mentally.”

The dataset contained 263 rows of data for countries and
regions of the world, with 62 columns of data in text, numbers,
or blank/missing. The numerical data did not contain the same
number of decimals. This was a messy dataset.

The main data preparation issue was how to extract only
the data for India and only the columns of data that contained
pertinent data values. KNIME Analytics Platform®?"! was the
open-source, data science software package used to prepare
the data. “Visual programming” was used to prepare the data,
and the annotated nodes highlight the programming operations
that occurred in the workflow on the Open KNIME Workbench
[Figure 3].

KNIME analytics platform was downloaded to a personal
computer. The Open KNIME Workbench is understood from left
to right. The dataset was downloaded from the World Bank open-
data website onto a personal computer using an Excel Reader
node. A Row Filter node was attached to extract only the data
for India, the country of interest. Next, a Column Filter node
was used to select only the columns of data for India that were
needed to examine annual undernourishment in the population.
The data were wide and needed to be transformed into a vertical
array using a transpose node. Finally, the data were output in two
different ways: (1) A line plot and (2) a CSV dataset for further
analysis.
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Data Modeling

The line plot produced by KNIME [Figure 3] had the general shape
of the data reports found at the World Bank website. The CSV
dataset was, indeed, exported to a specific folder on the personal
computer for further analysis.

The CSV dataset was then opened using MS-Excel [Figure 4]
to produce a line graph [Figure 5]. It was comforting to notice that
the CSV dataset looked the same in both KNIME(see Node for “line
plot”in the KNIME Workbench) and MS-Excel. This Excel-based line
graph was easier to use.

Data Model Evaluation

The line graph in Figure 5 indeed shows a decreasing trend in
undernutritioninIndiafrom 2001 t02018.Steep and steady declines
in undernutrition were seen in the population data reported for
India between 2004 and 2018. This decrease in undernutrition in
the population of India suggests an improvement in nutritional
status for the country. This is consistent with the blog-post from
PATH.ORG that was cited at the beginning of this application case

study.
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Figure 5: India: Prevalence of undernourishment (% of population), 2001-2018; data on undernourishment are from the Food and Agriculture
Organization of the United Nations and measure food deprivation based on average food available for human consumption per person, the
level of inequality in access to food, and the minimum calories required for an average person

Data Model Deployment

While the findings from the data modeling phase, the real issue
is whether this pattern in the data model will be seen in the
population of India when data from 2019 to 2020 are added. Public
health decision-makers and public health planners probably would
subnational and demographic data to better understand the
patterns of undernutrition in various parts of India (e.g., Rajasthan)
and in various subpopulation groups in India. For example, issues
related to combating malnutrition could play in the management
of diabetes (including diabetic retinopathy) at a population-level
in India.”? Furthermore, the child population of India along with
the prevalence of child hunger in the country may call for further
examination of the prevalence of undernutrition to guide public
health policy and action with more recent data used in the data
model.®' These considerations may occupy this deployment phase.

Implications of Case Study for Public Health
Professionals in India

This brief case study showed the basic steps of the data science used
to address a public health issue. Please notice the messy data and how
it was prepared for data modeling in the data preparation phase with
the help of the KNIME Analytics Platform. This “visual programming”is
not possible using traditional statistical software packages.

The public health epidemiologist can imagine using KNIME
(or another similar software package) to connect concurrently to a
specific table of a relational database, a CSV dataset, an Excel data
file, and, perhaps, a proprietary dataset using Python on the Open
KNIME Workbench with specific “visual programming” nodes:
Specific columns of data from these various data sources linked to
each other and used to construct a new dataset. This new dataset
would be used in data modeling and a data model exported from
KNIME into any format for use with unseen, real-world data to
address a public health problem.

SUMMARY

In this review, the main concepts of data science were described
for use with public health and epidemiologic conditions facing
a population. We described the domains of data science used to
address the public health and epidemiologic conditions facing a
population and showed the intersection where the needs of public

healthand domain expertise combine with statisticsand datamining,
along with programming skills, to define a new area of knowledge
and practice: Public health data science. Because the field of public
health data science will likely help public health decision-makers,
public health planners, and public health epidemiologists identify
needs and where public health action can help improve the public
health status of nations, a case study was presented to illustrate the
use of data science concepts in public health.
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