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Despite the potential value of data visualization for improving understanding of data in a
manner that results in better decision-making in health and healthcare, there is little
understanding of its applications in public health practice, particularly for public health program
planning and resource allocation. This dissertation explores what can be learned from the
literature through systematic review and from interviews with public health professionals as a
means to inform improvements in decision-making among public health professionals by

developing an understanding and use of data through data visualization.

In the first paper, | provide a systematic review exploring the literature that examines
how visualization can impact decision-making for general populations. Even though the evidence

is limited due to a deficit of theoretical and methodological strength, the studies suggest that



interventions that include data visualization have a positive impact on cognitive and behavior

change such as decision-making, attitude, motivation or perception.

In the second paper, | explore using qualitative data about how public health
professionals use data, information, and evidence for their practice, especially for their decision-
making, and their current use of and preferences for data visualization. Public health leaders use
data, information, and evidence from various resources on a daily basis for communication with
co-workers, stakeholders, and the public and for decision-making regarding their programs and
services in various settings. They also have a high interest in applying visualization skills or tools
in their public health practice as well as preferences regarding features or types of data

visualization they want to have.

In the third paper, | examine how data presented to public health professionals via
visualization was understood differently compared to data presented in a more traditional table
format. Even with the small sample participating in this study, | found that there are apparent
benefits to using data visualization, such as making finding information from data easier and
reducing errors in tracking data. This paper focused on how data visualization improves the
“making sense of data” step — a step followed by decision-making processes, analyzing and
summarizing data, translating data into information, and then synthesizing the information into

knowledge.

In conclusion, this dissertation presents the current evidence of data visualization and its
application to public health professionals. This work suggests that data visualization could be an
effective approach for improving decision-making and communication among public health

professionals.
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CHAPTER 1. INTRODUCTION
BACKGROUND

Public health leaders are encouraged to use “data and information, and evidence
systematically” when making decisions for resource allocation and public health planning for
disease prevention and health promotion programs in order to incorporate the concept of
Evidence-Based Public Health (EBPH).2~® Evidence-Based Public Health (EBPH) is defined as
“conscientious, explicit, and judicious use of current best evidence in making decisions about the
care of communities and populations in the domain of health protection, disease prevention,
health maintenance and improvement (health promotion).”® Brownson and others suggest that
public health professionals should adopt the EBPH framework to optimize their decision-
making.}?4® They are to do this based on their understanding of what factors influence which
population and what intervention works to address health issues in certain populations as that
understanding is informed by available scientific evidence collected through systematic uses of

data and information systems.35

One of the eight domains of core competencies for public health professionals is
analytical and assessment skills, which include collecting, understanding, analyzing, and
interpreting valid and reliable data, and making evidence-based decisions to address community
health needs.” In a study assessing how urban US city health departments use data to inform their
work, local public health leaders responded that they believed using their local data were good
for informing decisions for public health programs and policies and educating decision-makers

about certain community health problems. For example, the study explains how using data to cite



notably higher smoking rates in their district compared to ones in neighboring districts drew

more attention to the problem from decision-makers.®

The value of adopting EBPH strategies has been discussed in the literature, including its
numerous benefits such as supporting access to better information, efficient public health
planning and the implementation of successful policies in a public health environment
characterized by limited resources.® In a survey research study conducted to understand
perceptions about EBPH, directors, and managers from Local Health Departments (LHDs)
strongly agreed that positive changes in their agencies could occur as a result of evidence-based
decision-making, which is a process of EBPH. *° Making the best decisions on prevention

programs and policies is crucial considering their broad impact on a range of populations.®

Public health professionals, however, underutilize data, information, and evidence for
assessment and analysis of public health issues as guides in decision-making,!! and decisions are
often not based on a systematic review of the best evidence, but on many other factors.212
Various barriers that prevent the translation of research evidence into public health practice are
discussed in the literature. These include limited and inflexible funding and rigid bureaucratic
government systems and leadership, as well as a lack of incentive and expertise within the
workforce to explore and use data effectively. 11714 In 2010, only 34% of LHDs in the U.S.
employed an epidemiologist—a position that can contribute data and analyses to support
evidence-based decision-making. 1419 Even before the 2008 U.S. economic recession, LHDs
had faced severe cuts to budgets, programs, and staff, *>and desired a means to be more strategic
in allocating limited funding to effective programs. ® Even with limited and reduced budgets,

these agencies have continued to need to maintain critical public health functions to assure high



priority health care services such as communicable disease control, environmental health, and

chronic disease prevention for vulnerable populations.

The literature consistently indicates the need for public health practitioners to have
accessible, “timely, easy to digest, and up-to-date information that is filtered, summarized, and
synthesized from authoritative content sources.”*® A recent National Academy of Medicine
(NAM) report further emphasized this need by describing the importance of information and
information systems for monitoring community health needs while expressing concern about
“inadequate access to information systems and communication tools” for the public health

infrastructure.l’

Data visualization can be an approach to overcoming some of those barriers to
implementing EBPH, such as lack of time or expertise to analyze data and synthesize
information by improving access to data for public health professionals.? In a previous study
describing the development of a Public Health Activities and Services Tracking (PHAST) Model
as a means to help address the gap between public health research and practice (Figure 1.1),'
data visualization was discussed as a means to make data more accessible and useful for public
health professionals in their planning and decision-making. In the development of the PHAST
Model, insight regarding the benefits of data visualization was initially derived from public

health professionals through focus groups and then used to help build the model .8

Data visualization refers to visual representations such as graphs and maps used to
understand, communicate, and support collaborative engagement and decision-making with data
and information.'®*?? By using data visualizations, people can better understand data, gain

insight, answer specific questions, and discover underlying facts.*®?*2* Humans process visual



representations, which are usually made with computers, through a cognitive system.?
According to a recent computer science study, visualizing information was even effective in
changing attitudes regarding certain topics among general audiences when compared with

tabular displays of the same information. 2*

Figure 1.1. The Public Health Activities and Services Tracking (PHAST) model for
standardized public health data
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One of the first innovative visualizations related to health can be traced back to 1858.°
Florence Nightingale, known today as a statistician and the founder of modern nursing, used a
graph to demonstrate that deaths from preventable factors such as sanitation were far greater than
deaths from combat wounds.'® Her graph was persuasive to Queen Victoria and the British
Government, who were unlikely to read her entire 830-page report, and led to improved sanitary

systems in military hospitals.®



In recent years, numerous studies from various fields, especially computer science and
information science, have developed data visualization tools and described the utility and
usability of the tools in their field. As the example of Florence Nightingale and the literature
suggest, data visualization can be a particularly useful and effective tool for improving public
health by helping to generate insight through graphs that reflect current problems or simulate
predictions of future problems or solutions based on current data.?” Yet there are very few studies
of data visualization used in public health, particularly for public health program planning and
resource allocation, assessing how the tools help develop a “deeper level of understanding” of
data and information.***? Furthermore, little is known about what the needs and preferences of
public health practitioners are for visual data and information that address local public health

issues.
OBJECTIVES
My dissertation addresses this research gap through the following three objectives:

1. Systematically reviewing the available literature on the use of data visualization in order
to assess the status of current science and evidence regarding its impact on decision-
making related behavior as informed by cognitive processes such as understanding,
attitude, and perception, and identify key elements of appropriate study designs for
testing this impact.

2. Conducting a qualitative study to assess how public health leaders use data, information,
and evidence and their current use of and preference for data visualization in their

practice.



3. Conducting a descriptive mixed method study using an online survey to examine how
data were understood differently when displayed in table format versus visualized
formats by public health practitioners. This study also examined practitioners’ confidence
in their understanding and perceived ease of use with table and visualization

presentations.

This dissertation consists of three papers. The first paper (Chapter 2) of the dissertation
reports findings from a systematic review that summarizes theories, methodological details, and
results of the experimental and quasi-experimental studies that have aimed to examine how data

visualization impacts attitude, motivation, perception, or decision-making.

The second paper (Chapter 3) describes findings from a qualitative analysis of 14
individual interviews conducted with public health leaders to assess their use of data,
information, and evidence for their decision-making as well as to understand their current use of
and preferences for data visualization. This research was conducted to inform the design of a
data visualization tool and to examine how to further public health practitioners’ engagement

with and use of data for decision-making through data visualization.

The third paper (Chapter 4) presents findings from a descriptive mixed method study
exploring how data presented via visualization was understood differently compared to data
presented in a more traditional table format. LHD participants were asked to answer open-ended
questions by summarizing what they understood through looking at data in both table and
visualization formats. The data from the open-ended questions were used for qualitative analysis.
Quantitative analyses were used to describe perceived ease of use and scaled confidence between

a table and visualized presentation.



Finally, a summary of all three papers is included in Chapter 5. This chapter concludes
with a discussion of results and implications for future practice and research in using data
visualization to support understanding data for decision-making and communication among

public health professionals.
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CHAPTER 2. Impact of Data Visualization on Human Behavior: A Systematic Review

ABSTRACT

Introduction: Data visualization tools have the potential to support decisions for public health
professionals. This review summarizes current science and evidence regarding data visualization and its
impact on decision-making related behavior as informed by cognitive processes such as understanding,
attitude, or perception and identifies key elements of appropriate study designs for testing this impact.

Methods: An electronic literature search was conducted using six databases including reference list
reviews. Search terms were pre-defined based on research questions. Relevant studies were carefully

selected and reviewed.

Results: Fourteen studies were included in the final analysis. Most data visualization interventions
included in this review were found to have an impact on attitude, perception, and decision-making when
compared to controls. These relationships between the interventions and the outcomes appear to be
explained by mediating factors such as perceived trustworthiness and quality, domain-specific
knowledge, basic beliefs shared by social groups, and political beliefs.

Conclusions: The evidence from this review generally suggests positive effects of data visualization
depending on the control of confounding factors on attitude, perception, and decision-making. However,
understanding about data visualization interventions specific to public health leaders’ decision-making is
still lacking, and there is little guidance for understanding a participant’s characteristics and tasks. Future
research to examine the impact of data visualization should be conducted with the appropriate

methodology and should target public health leaders to improve the quality of evidence.

Key Words: Data visualization, decision-making, public health practice
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INTRODUCTION

Data visualization refers to visual representations such as graphs and maps used to understand,
communicate, and support collaborative engagement and decision-making with data and information. **
Humans process visual representations, which are usually made with computers, through a cognitive
system. 4 Data visualizations accelerate the interpretation of data, in contrast to numerical charts
representing the same data. # Data visualizations help people to understand data, gain insight, answer
specific questions, and discover underlying facts. 13 According to a recent computer science study,
visualizing information was also effective in changing attitudes on certain topics among general

audiences when compared with tabular displays of the same information. ©

Data visualization tools have the potential to support public health practice by answering
guestions that previously were unanswerable, such as what makes certain areas in which a population
lives or certain demographic groups within a population, healthier than others. Public health leaders in
state and local health departments are expected to make the best possible decisions for resource allocation
and public health planning. They are to do this based on their understanding of what factors influence
which population and what intervention works to address health issues in a certain population and based
on available scientific evidence through systematic uses of data and information systems. 7®17":89 Making
the best decisions on prevention programs and policies is crucial when considering their broad impact on
a range of populations. ¥ Since even before the 2008 U.S. economic recession, local health departments
(LHDs) have faced severe cuts to budgets, programs, and staff, 1* and desire a means to be more strategic

in allocating limited funding to effective programs. °

In recent years, numerous studies from various fields, especially computer science and
information science, have developed data visualization tools and described the utility and usability of the
tools in their field. However, few studies have examined the impacts of data visualization tools in public

health practice. Also, only a few studies have used formal experimental designs (e.g., randomized

12



controlled trials) to examine the impact of data visualization on human understanding, perception, or

behavior related to decision-making.

I conducted a systematic review of the available literature on the use of data visualization to
assess the status of current science and evidence regarding its impact on decision-making related behavior
as informed by cognitive processes such as understanding, attitude, or perception and identified key
elements of appropriate study designs for testing this impact. The objective of this review was to identify
1) theories used to explain how data visualization influences behavior, 2) methods used for testing data
visualization, 3) interventions used for testing data visualization’s impacts, 4) primary and secondary
outcomes of the effect of data visualization, and 5) mediating and moderating factors known to interfere

with the impact of data visualization.
METHODS

This systematic review was conducted under the guidance of Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) and the Centre for Reviews and Dissemination
(CRD)’s book “Systematic Reviews.” 1213 With the help of librarians that specialize in health science and
data science, | conducted an electronic literature search in November 2018 using PubMed, CINAHL Plus
with full text, Web of Science, IEEE Xplore, PAIS international, and Academic Search Complete. |
selected the databases that are most frequently used in the health sciences. ** Then | expanded the search
to other disciplinary databases relevant to computer science and information science where data sciences
are actively studied®. To make the search more comprehensive, | also reviewed reference lists from

searched articles that could be related to my research questions.

The search strategy was developed by defining two main concepts from my research questions.*?
The two search concepts included: 1) “data visualization” as an intervention and 2) “decision-making
related cognitive and behavior change” as an outcome. In addition to the two concepts, a third concept,
“community and public health systems” as an intervention setting was used specifically for the PubMed

13



and Web of Science search. For searches other than PubMed and Web of Science, including all three

concepts in a database search did not generate any results because the search terms were too restrictive.

I limited my search to articles published between 2008 and 2018 (2013-2018 for the Web of
Science) that were peer-reviewed, written in English, and involved studies with humans. | did not have
any restrictions on factors such as education, age, or geographic location in order to maximize the chance
of finding relevant articles focused on the impacts of data visualization. More details about the search

strategies are provided in the Appendix A.

Inclusion & Exclusion Criteria

I included only randomized and quasi-randomized controlled trials because randomized or quasi-
randomized controlled trials are the most appropriate for identifying causal effects. Articles were included
if 1) they described a behavioral, social, or organizational intervention using data visualization, 2) their
main aims were assessing the use of data visualization, 3) they described a method of measuring the
impacts of data visualization, and 4) they clearly described the study’s objectives, methods, and findings.
In order to fully capture studies related to my focus, the impacts of data visualization, | also included
studies that did not specifically target public health professionals from state and local health departments

and instead opened the search to the general population.

Avrticles were excluded if 1) they related to animals or plants, 2) they were books, book chapters,
magazine review articles, systematic reviews, or commentaries, 3) the full text of the articles could not be
retrieved, or 4) they were unpublished research reports. There were many articles on data visualization
from the fields of biochemistry, genomics, immunology, oncology, pathology, and nutrition that were
specific to microscopic biomedical research. I did not include these articles because my study focused on
how visual displays that used individual or organizational level data affect human decision-making. 1 also

did not include articles that described the process of developing a visualization tool or that used

14



visualization to describe a methodology used for statistical modeling, because the focus of my review was

experimental studies that measured the impact of visualization on cognitive and behavioral changes.

For the purposes of this review, data visualization was defined as any visual display (e.qg., bars,
pie charts, line graphs, pictures, 3-dimensional displays, etc.) used for presenting data, information, and

evidence.
Quality Assessment and Analysis

Retrieved articles were assessed for their quality and relevance. Data from each article were
abstracted into an Excel spreadsheet. The data abstracted included study aims, sample sizes, study

populations, theories, study designs and settings, interventions, and findings.

| assessed the articles according to the following criteria: 1) if the study designs were quasi-
experimental or experiments used for evaluating the impact of data visualization tools as interventions
related to cognitive and behavioral changes, 2) if the methods used to measure the impact of visualization
were quantitatively reliable, 3) if the confounding factors were measured and controlled for their possible
effect in the analysis, and 4) if the sampling and randomization methods were clearly stated. Narrative
synthesis with the tabular presentation was used as the approach for conducting the evidence synthesis

because the quantitative outcomes of selected studies were not in comparable formats. 16139
RESULTS

A total of 786 articles were retrieved from electronic database searches, in addition to three additional
articles identified by reviewing reference lists of articles. Combining the results of all searches and
removing duplicates (n=19) yielded 770 articles. Next, after a review of the title and abstract of the
articles based on eligibility criteria, 60 articles were retained for full-text review. Of these, 46 additional
articles were excluded because 1) they focused only on the process of developing data visualization tools

(e.g., appropriateness of color and size of elements of visualization), 2) they were review or commentary
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articles, or 3) they did not use data visualization as an intervention. A flow diagram (Figure 2.1) shows
the results of the screening process and reasons for exclusion based on eligibility assessment. The
remaining 14 articles were used in the final qualitative synthesis. Nine studies’ settings were located in
the U.S.; two studies were from Taiwan'"*® and others were from the Netherlands, *° Spain, 2° and
Sweden. 2 Results were organized below by 1) theories used to explain how data visualization influences
behavior, 2) study designs and intervention used for testing data visualization, and 3) outcome measures,

including mediating and moderating factors used for their analysis of the impact of data visualization.

Theory used for Data Visualization Experiments

Most of the papers did not explicitly describe theories specifically related to data
visualization in their experiments but described a specific theory related to their topic rather than
about data visualization. For example, a study of Pandey and his colleagues adopted a theoretical
model of persuasion, the Elaboration Likelihood Model, and used this theory to structure their
experiment to measure the persuasive power of data visualization on controversial social issues.
Regarding hypotheses, many studies started from the assumption that visual displays help
increase understanding of the problem by integrating large amounts of information from multiple
sources while reducing cognitive burden, resulting in effective and efficient information-based

decision-making involving complex real-world problems. 222

Study designs, Participants and Interventions used for Testing Data Visualization

Design. Descriptive information about designs and interventions of included studies is
reported in Table 2.1. Most studies used a quasi-experimental or experimental design except one
study that surveyed study participants regarding the usefulness of a visualization tool after it was

introduced to assist them in their decision-making. 26 Comparing two groups assigned as the
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treatment group and the control group for treatment effects was the most common design. Three
studies compared pre- and post-effects of treatment. ©1%23 and a study followed up one week
after the treatment. *° Among experimental studies, five studies reported that they used
randomization in assigning their participants, but only one study reported the method of
randomization. *® Four other studies did not report their method of assigning participants to
treatment and control groups. 242°2728 Only four studies collected the participants’ demographic
information to compare homogeneity between treatment and control groups. 1192122 The ten
other studies did not report the participants’ demographic information and did not include this in

their final analysis.

Participants. Sample sizes varied, ranging from 24 to 720 participants. Five studies
recruited college students from universities where the experiments were conducted. 17232527
Two studies recruited participants through Amazon Mechanical Turk, a crowdsourcing Internet
marketplace that enables anonymous individuals to participate in and perform tasks. 28 The
most common participants were volunteers from universities or institutions (e.g., a hospital,
mental health center) where the experiments were taking place. 172252729 |n three studies, the
volunteer participants were the decision-makers whose work was closely related to the
visualization tools that were tested (e.g., tracking diseased patients’ location in a hospital unit).
21,3031 |n two other studies, study participants were recruited from among high school students,
either in the same grade or the same classrooms who were taking the same class or from
university students selected to take a class in the same degree program.*®2° This sampling
method appeared as an effort to reduce heterogeneity between experimental and control groups.
Most studies did not report how they calculated the appropriate sample size. Only one study

clearly stated the result of power analysis to calculate an appropriate sample size based on the
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study design.®? Four studies compensated participants for completing tasks or study activities,
ranging from 50 cents to $26 depending on the choice of their activities or how close they were

to the optimal task result. 6242527.28

Interventions. Interventions using data visualization varied widely across studies. Three
studies compared the effects of the visually displayed information on decision-making or attitude
change with the effects of textual information. ®171° Three studies compared the effects of visual
displays against tabular information on decision-making. 21*42°> Two studies used an interactive
visual tool that automatically sorts values on a spreadsheet as an intervention and compared how
the tool influenced decision quality in comparison to a typical sort of tool. "2 Of the two, the
study by Kim added real-life scenarios (e.g., making a decision about finding an apartment while
considering its price, size, maintenance, etc.) to participants’ decision-making process and asked
them to consider the scenario when engaged in the task. One study also compared the effects of a
decision-making learning module that contained a visualization tool, collaborative learning, and
metacognitive guidance on decision-making by comparing pre- and post-test scores. *8 Four
studies held pre-treatments including quiz sections or training activities for prerequisite skills
before the experiments. 6182527 |n Samek et al.’s study, 2’ the quiz was put in place to determine
participants’ basic understanding of how to use the visualization tool. If the participants did not
pass the quiz, they were excluded from the study. Control groups also varied across studies and
included the use of textual information only, baseline treatment with tabular information, or 2-

dimensional images on PowerPoint slides.

Outcome Measures
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Outcome measures, as well as mediating and moderating variables from the review, are
summarized in Table 2.2. Eight studies reported decision-making as a primary outcome.
18,19,21,22,24.25.21.28 T\ studies reported attitude changes as a primary outcome. ®’ The primary
outcomes of the final three studies involved changes in perception of water resource problems, 3

understanding of and engagement in emergency scenarios, *° and motivation in computer

programming tasks. 2

Decision-making. Among the studies that measured decision-making as a primary
outcome, three studies asked participants to invest, allocate, or sort money using visualization
aids to maximize returns. 2422 The results of these studies were compared with control groups.
Three other studies used either adapted scales such as the decisional conflict scale (DCS) to
measure the decision-making process, %22 or developed scoring rubrics such as decision-making
tests and worksheets that score decision-making subskills from 0 to 2 points. *8 One study 2
asked decision makers at administrative and clinical levels to compare hospital performance and
suggest actions for hospital personnel by looking at either league tables (a widely used format of
presentation) or funnel plots. All findings in this review, except one study, 22 showed statistically
significant effects on decision-making in the treatment groups compared to the control groups,

19.28 paseline information, 2’ tabular information only, &2 and pre-and post-tests, 18-20191919

Attitude. Two studies reported a measure of attitude change using multi-item or single-
item questionnaires as their primary outcome. ®1” One study identified a significant difference in
attitude towards healthcare services between a group that watched online healthcare advertising
using a celebrity performing as a doctor showing both text and picture displays and a group that

watched advertising using a celebrity performing as a patient showing text display only,
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mediated with perceived quality and trustworthiness of the advertisement. " The other study
found mixed results for attitude change between a treatment and control group. ® When the
participants’ initial attitudes were not strongly polarized on socially controversial topics (e.g., the
relationship between corporate income tax and unemployment rates in the US), visual displays
with charts had a stronger effect on the likelihood of attitude change and persuasion than
displays that only used tabular information. When the participants’ initial attitudes were
polarized, the reverse trend was evident, that is participants shown the tabular display had a

higher percentage of attitude change than participants shown the chart display.

Perception. One study reported perception change regarding water resource problems,
the causes of water shortage, and solutions for a water shortage using a multi-item questionnaire
with a 5-point Likert-scale. 2% This study found both unchanged and changed perceptions
depending on topics related to water management in response to visual information. The study
also suggested that the changes in understanding or perception could be different depending on
the types of information. For example, they found more highly significant changes on the
perceived severity of water problems in the 2-D group (shown 2-D PowerPoint presentation in a

standard classroom) compared to the 3-D group (shown 3-D visualization).

Mediating and moderating factors. Four studies collected demographic information
about the study participants. 11%2122 The demographic information included gender, age,
racial/ethnic background, education level, location, disease type and severity, health literacy,
numeracy, professional background, and organization position. However, most studies did not
include the demographic information in their analysis as a moderating factor; instead, they used

moderating factors to check homogeneity between experiment and control groups. Only one
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study used gender as a moderating variable that strengthened the relationship of perceived
quality and trustworthiness about visual advertisement content on attitude towards healthcare
services. 1 Two studies found that initial attitude or prior knowledge of given topics
significantly affected the strength of the relationship between the visual displays and the change
in attitude or perception. 82° For example, in Larson and Edsall’s study, prior knowledge about
the water shortage problem, basic beliefs shared by social groups, and political beliefs were
considered as exploratory factors, and it was found that greater knowledge of water issues was
significantly associated with increased perceived water risk. 22 Only one study clearly articulated
mediating factors. The study by Wang and Doong hypothesized that a treatment group that
watches online healthcare advertising with both textual display and pictures would experience
higher perceived quality and trustworthiness than a group that was only shown textual
information. Their findings supported this hypothesis indicating the mediating effects of

perceived quality and trustworthiness on attitude towards the healthcare services. '

DISCUSSION

In this review, | assessed theories, methodological details, and results of 14 quasi- and
experimental studies that aimed to examine how data visualization impacts attitude, motivation,

perception, or decision-making.

Although there were mixed results regarding the influence of data visualization on changes in
cognition and behavior, systematic synthesis of the included studies also showed that data visualization
interventions have a positive impact on cognitive and behavioral change such as decision-making,
attitude, motivation or perception when compared to controls. 6192024252734 \/jsyalization appears to bring
advantages by increasing the amount of information delivered and decreasing the cognitive and

intellectual burden of interpreting information for decision-making. 2 Negative effects were also found,
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but these relationships between the interventions and the outcomes appeared to be affected by moderating
and mediating factors such as perceived trustworthiness and quality, domain-specific knowledge, basic
beliefs shared by social groups, and political beliefs. #172® Issues associated with trust in displayed data
were also discussed in a qualitative study that evaluated the design of visualization techniques for
integrated health information. * In this study, understanding where the data came from influenced how

participants interpreted visual information due to limited trust toward the visualization.

However, overall evidence from this systematic review of the impact of data visualization was limited
theoretically and methodologically. Most of these experimental and quasi-experimental studies did not
present theories to explain how and why visualization tools impact cognitive processes and influence
decision-making behavior. A theory is “a set of interrelated concepts, definitions, and propositions that
present a systematic view of events or situations by specifying relations among variables to explain and
predict the events or situations.” %9 |n social and behavioral sciences, a theory is an essential part of
guiding the whole process of an intervention study by providing “insight” on how to shape research

questions, methods, and intervention programs. 38027

Due to the diversity of the academic disciplines and topics of the included studies and the
heterogeneous nature of the data visualization tools, it was difficult to find consistency in methods and
outcome measures from the findings. Unlike health science behavioral research, studies that test the
impact of data visualization did not have either uniform protocols or guidelines for conducting behavioral
studies. The heterogeneity of the studies may be because visualization researchers have only recently
realized the need for learning scientific methodology, unlike researchers from cognitive psychology or
social sciences who have been trained in the scientific method. 3°4° Most studies also did not appear to
report the essential elements of an experimental study, which could jeopardize the perceived validity and
reliability of the studies. For example, most studies did not report how they determined sample size or
how they randomized participants into experimental and control groups. This issue was raised by Few in

his critique as well. *° Few criticized a study that tested the memorability of a presented visualization by
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pointing out missing evidence regarding the determination of reliable sample size, resulting a critical
statistical flaw. Only a few studies considered potential confounding factors including mediating and
moderating factors for their analysis. Incorporating individual differences such as intelligence, cognitive
ability, and technical skill is important in designing studies because considering these individual
characteristics in the early stages of studies enable research to be more generalizable. 4t This systematic
review suggests that gender, age, racial/ethnic background, educational level, professional background,
health literacy, numeracy, and place of living, as well as initial personal attitude, value judgments, and
knowledge regarding data visualization seem to be possible mediating or moderating factors that should

be considered in the assessment of the impact of data visualization, 617-19.21-23

Differences in academic disciplines, target populations, aims, and methods across the study
settings made this review challenging. Also, there were no relevant articles found to review the impact of
data visualization on the audience of interest—public health leaders who make organizational decisions
for programs and services in their agencies for and with their communities. However, the evidence from
this review demonstrates the multiple benefits of data visualization and shows promise for its application

to public health.

Building on the current literature, future studies should be designed with consideration of relevant
theories and methodologies. Theories could be used to explain how visual displays help increase
understanding of complex real-world problems using visual data and information from multiple sources
resulting in effective and efficient decision-making. For example, in a study that describes the needs of a
user to develop a geo-visualization (GeoVis) framework, researchers emphasized incorporating cognitive
fit theory into their visual geospatial displays combined with principles of public health and a human-
centered approach. > The use of such theory, in this case, cognitive fit theory, explained how different
graphical displays are related to task performance by users and guided the researchers in the design of a

system that utilized the right information based on the needs of the users and the tasks they performed. #2
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Demographic characteristics specific to public health leaders should be considered for future
studies. Koenig et al.*® reported that public health practitioners who were novice users of geographic
information struggled with box plots and required assistance to complete tasks. This may have been due
to a lack of numerical training in public health curricula content. “ Besides the range of demographic
characteristics of individual public health leaders, researchers should understand in what contexts they use
and understand data, and how that informs the designing of visualization tools. Complete descriptions of
tasks regarding how public health leaders make decisions for programs and services using data,
information, and data visualizations should precede the development of visualization tools. As discussed
in our reviewed articles, 262 decisions that were aided with data visualization were made differently
depending on the context of the users. Due to the nature of public health systems, public health
professionals’ decisions are influenced by many environmental and organizational factors such as
policies, mandates, funding, organizational culture, and leadership. "#4“8 Researchers could further
investigate specific tasks that public health professionals perform and in what context their decision-
making lies for assuring best public health practice when they design and test data visualizations for

public health professionals.

Strengths and Limitations

This is the first identified systematic review of the impact of data visualization on human
behavior. Database searches were not limited to the discipline of nursing and public health but expanded
to the related disciplines such and computer science, information science, and public policy and included
comprehensive searches of six relevant databases. However, only a very few experimental studies about
data visualization could be found, and none were found that specifically targeted public health
professionals in state and local health departments. Restrictions in the search strategies (e.g., English-

language) may have led to the exclusion of relevant studies.
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Even though the search focused on experimental studies using data visualization, qualitative
studies or usability studies may also be important to understand the use of data visualization for public
health leaders and others. Also, the assessment of the quality of study articles was performed by one
reviewer and did not employ a process for validating with other reviewers and was not performed using a
formal checklist or numerical scale'®®? due to the heterogeneity and scarcity of eligible articles. The lack
of a formal checklist imposes potential biases on the interpretation and synthesis of the review. Finally, a
meta-analysis of the primary studies could not be performed due to the heterogeneity and small number of

studies.
CONCLUSION

In this review, | assessed theories, methodical details, and results of 14 quasi- and experimental
studies that aimed to examine the impact of interventions incorporating data visualization. Even with
increasing interest in visualization evaluation studies in recent years, *° there is still relatively little
research on how visualization impacts decision-making including cognitive and behavioral processes,

especially in the discipline of public health.

The evidence from this review generally suggests positive effects of data visualization depending
on the control of confounding factors on behavioral changes such as attitude, perception, and decision-
making. However, there is a lack of understanding regarding data visualization interventions specific to
public health leaders’ decision-making; in addition to which, there is little guidance for understanding
participants’ characteristics and tasks. A visualization study that involves public health leaders from the
beginning of the design process could aid in the development of effective visualization tools and
interventions that accurately depict real-world problems and support the needs of public health leaders.
Future research to examine the impact of data visualization should be conducted with the appropriate

methodology, specifically targeting public health leaders to improve the quality of evidence.
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Table 2.1. Study designs and intervention characteristics in a systematic review of data visualization intervention

Study

Designs

Intervention; dosage

Control Group

Araz et al.

survey design (n=32)

Arizona State University (ASU) Pandemic Influenza Tabletop
Exercise, which included video clips with scenario information,
geographical mapping, and the interactive computer simulation
model. Asked to respond to a hypothetical pandemic influenza
scenario and make iterative policy decisions in a group setting. The
exercise was supplemented with an interactive simulation model
for decision support. This model simulated the possible outcomes
of decisions as they were being made based on different rates of
disease transmission, case fatality, the timing of university
evacuation decisions, and social distancing interventions.

Four scenarios; each of 30 min.

Compensation: not reported

No control group

Dolan et al.

feasibility pilot (n=25)

1. Brief introduction

2. Participants individually reviewed the dashboard running on a
personal computer equipped with a touch screen monitor in a
private setting.

The patient decision aids were developed as a dashboard,
consisting of five windows that

summarize the relative performance of the treatment alternatives
about each of the included drug information categories:
effectiveness in relieving pain, risk of side effects, the possibility of
drug-drug interactions, out-of-pocket cost, and how the drug is
administered.

time spent was measured as part of usability

Compensation: not reported

No control group

Wang & Doong

experiment (n=104);
Randomized as

Tx group (n=51)
Control group (n=53)

watch an online advertising video (online information display of
text with picture about healthcare service) and fill out the
questionnaire relevant to this advertising video afterward.

1 session: 10 min (video: 3min)

compensation: not reported

online information with text only
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Rudolph et al.

experiment (n=26);
Tx group (n=13)
Control (n=13)

(no randomization)

Visual analytics tool (FinVis) that allows the non-expert casual
user to interpret the return, risk, and correlation aspects of financial
data and make personal finance decisions. This interactive
exploratory tool helps the casual decision-maker quickly choose
between various financial portfolio options and view possible
outcomes.

Seven sessions; duration of sessions was not reported
compensation: $9-18

baseline treatment using a tabular
display with the same information

Larson & Edsall

quasi-experiment
(n=76);
Randomized as
Tx group 1 (n=35)
Tx group 2 (n=41)

3D demonstration in Arizona State University's (ASU) Decision
Theater (DT): a semi-immersive visualization environment
featuring animated graphics that surround viewers on high-
resolution large-screen displays. On seven walls of the 10-sided
room are 10x8 foot screens capable of rendering computer displays
in stereo, with three-dimensional viewing through polarized stereo
‘3D’ glasses. The visual images in the DT primarily portrayed the
physical depth of the underground aquifer. Images on a peripheral
screen - the 'digital dashboard'- consisted of a series of small
supplemental graphs and legends to guide the presenter.

The same person narrated, live, both presentations from a standard
script.

10 min presentations addressed excessive groundwater withdrawals
in the region while illustrating water levels and flow to pinpoint
cone of depression problems.

compensation: not reported

2D PowerPoint presentation in a
standard classroom: visual images in
PowerPoint were designed to
replicate the DT imagery as close as
possible. Where two large images
moved across the DT's multiple
screens, the still images were
captured and presented side-by-side
in a PowerPoint slide to support a
similar comparison. For PowerPoint
presentation, small dashboard images
were in the lower corner of the slides.
Although the 2D presentations
included 2.5D images, stereo glasses,
and the large multiple screen
environment of the DT were not used
in the 2D setting. It is projected on a
standard classroom screen, included
smaller images in a narrower field of
vision.
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Westermann et al.

experiment (n=91);
Randomized as

Tx group (n=51)
Control group (n=45)

Counseling in Dialogue (CD): Visualization aid was used for
creating shared understandable and meaningful narrative of
diagnostic formulation and treatment options for parents of a child
of mental health problem.

Both CD and CU; 1 session, 60min

compensation; not reported

Care as a usual (CU); parents are
counseled in an equally long
counseling session as in CD.
However, the therapist was free to
select the topics to be discussed, the
structure of the counseling, and the
degree of shared decision-making.

Samek et al.

experiment (n=120)
Tx group 1

Tx group 2

Control group
(randomization not
reported)

Written instructions before the experiment, short quiz on
understanding

Subjects were asked to make a decision and were incentivized to
select an object (initial object) immediately, and continue
improving on their selection (intermediate object) until they were
satisfied with their selection (final object) using three different
treatments; Baseline, Typical Sort, and Automated Sort.

Typical Sort: subjects could sort objects by one attribute at a time
by clicking on the column header

Automated Sort; columns of each attribute were always sorted by
value automatically in descending order and objects could be
compared using visual highlighting in each attribute column

One session; 140min (20 rounds, 180 seconds for each round
including instruction time)

compensation; based on the selection of the final object as
instructed

average earning $26

Baseline; limited interactive
capability to select and mouse-over
objects
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experiment (n=720);
Randomized as
Topic 1;

Tx group (n=54)
Control group (n=45)
Topic 2;

Nine stages that participants undergo during the experiment such as
demographic information, pre-treatment questions, persuasive
message (context + evidence + presentation with graphical
evidence (charts), post-treatment questions, need for cognition

persuasive message by textual

Pandey et al. Tx group (n=50) scale) evidence (tables)
Control group (n=56) One treatment; 5-10 min
Topic 3; compensation: $ 0.50
Tx group (n=55)
Control group (n=63)
Pre-experiment quiz and training on how to read the information
experiment (n=56); screeq. . . . .
_ Experiment: both the interactive visual analytics program and the
Tx group 1 (n=23) - . : - .
o Tx group 2 (n=14) sm_ple visual representa_tlon use 2D graph!cs to show the profit the _
Savikhin et al. subject would have received at every possible company value at table display

Control group (n=19)
(randomization not
reported)

his/her bid amount after the outcome of the period was determined.
allows exploring the dataset on their own time before making a
decision

compensation: $5-25

Anell, A., Hagberg,
0., Liedberg, F., &
Ryden, S.

Web-based survey
Randomized as
Tx group 1 (n=113)

Control group (n=108)

Data presentations in the form of league tables or funnel plots.

Decision-makers compare hospital performance using either league
tables or funnel plots for four different measures within the area of
cancer care. For each measure, decision-makers were asked to
suggest actions towards 12—16 hospitals (no action, ask for more
information, intervene) and provide feedback related to whether the
information provided had been useful.

Compensation: not reported

data presentations in the form of
League tables

33




Hsu, Y.-S., & Lin,
S.-S.

experiment (n=74);
pre- and post-tests and
Randomized as

Tx group 1 (n=42)
Control group (n=32)

Decision-making learning module consisted of three activities as a
small group discussion; 1) understanding the concept of evidence
(reliability and validity of evidence), 2) Decision-making
strategies, and 3) decision-making activities with/without
embedded metacognitive guidance

One learning module; 7 hours

Compensation; not reported

no metacognitive guidance

Velazquez-Iturbide,
J. A., Hernan-
Losada, I., &
Paredes-Velasco,
M.

experiment (n=31);
pre- and post-tests and
Randomized as

Tx group 1 (n=16)
Control group (n=15)

A program visualization system, Srec that displays recursive
processes coded in Java that is adopted to solve the class
assignment.

One session; 2 hours

any Java programming tools the
students had mastered (typically,
BlueJ or Eclipse)

Kettelhut, V. V.,
Vanschooneveld, T.

quasi-experimental
survey (n=19) with pre-

The VIZ that visualizes hospital spatial data linked to individual
patients' clinical-laboratory data for tracking diseased patients’

current EHR-based data

C., McClay, J. C., | and post design locations antibiotic administrations, contact data, and infection
Mercer, D. F., prevention intervention data
Fruhling, A., & One session; 30 minutes
Meza, J. L.
Kim S-H experiment (n=127) SimulSort for the interactive visualization interface. The Typical Sorting for the non-visual

Tx group (n=67)
Control group (n=60)
(randomization not
reported)

participants had three trials with different data sets: apartment,
laptop, and printer. For each trial, a scenario was given.
compensation; average earning $2.90

traditional interface
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Table 2.2. Outcome measures, moderating and mediating variables

Study Study Outcomes Mediating Variables Moderating Variables
Araz et al Help understanding and engaging in the emergency scenarios Not reported Not reported
Usability: Observation data (time, drug choice, use of optional features in
the dashboard), ease of use and acceptability, mechanical ease of use,
cognitive ease of use, and decision-aiding effectiveness Gender, age, racial/ethnic
Experiment: decision-making processes: the informed, values clarity, and Not reported background, highest
Dolan et al. uncertainty sub-scales (decisional conflict scale, nine items with 5-point P educational level, health

scale)
Follow-up interview: experiences of using dashboard and comparison
with conventional information

literacy, numeracy

Wang & Doong

Attitudes toward health care service (4 items with 4-point scale)

Perceived quality,
Perceived Trustworthiness

Gender, age

Rudolph et al.

Decision-making (achieved a financial outcome)
exploration and learning behavior (time spent)
confidence and perception of usefulness (8-point scale)

Not reported

Not reported

Larson & Edsall

Perceptions of the magnitude of water resource problems and the causes
of and solutions to water shortage (14 items with 5-point ordinal scales)

Prior knowledge (3 items
with 5-point scale),
Ecological worldviews;
human control over nature,
the fragility of the earth (6
items with 5-point scale),
Political beliefs; free market
economy and private property
rights, high values indicating
conservative beliefs (2 items
with 5-point scale)

Gender, age, race/ethnicity,
location
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Primary outcome:

Decisional conflicts; uncertainty, factors contributing to uncertainty, and
perceived effective decision-making (Decisional conflict scale, 16 items
with 5-point Likert scale)

Gender, age, types of mental
disease diagnosis, disease

Westermann et al. | Secondary outcome: Not reported . .
- . . . . . severity, education level of
Decision made upon accurate information, satisfaction with shared
L . . . . parents
decision-making, consensus diagnostic formulation, consensus
recommended treatment, and acceptance recommended treatment (single
item, 4-point scale)
Samek et al. Decision-making process (achieved outcome value) Not reported Not reported
Initial attitude before
Persuasion likelihood (ratio of the number of persuaded participants and treatment (neutral or
the total number of participants) negatively polarized), Not reported
Pandey et al. Attitude change (single-item scales, changes in user's self-reported degree of elaboration; P
attitude) involvement and need for
cognition
Savikhin et al. Decision making achieved financial outcome value) Not reported Not reported
Anell, A., Decision-making; Number of actions suggested by participants, the Not reported Age, gender, professional
Hagberg, O., proportion of appropriate actions background, organizational
Liedberg, F., & position
Ryden, S.
Hsu, Y.-S., & Lin, | Decision-making test and worksheets using scoring rubric (four decision- Not reported Not reported

S.-S.

making subskills scored from 0 to 2 points each)
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Velazquez- Students” motivation; the EMSI questionnaire was used to measure Not reported Knowledge level: checked
Iturbide, J. A, students’ four dimensions of motivation by grades obtained in
Hernan-Losada, ., previous assignments; the
& Paredes- participants were fourth-year
Velasco, M. computer science major
students who elect to take a
course on advanced
algorithms.
Kettelhut, V. V., | Subjects’ perception (Level 1 SA) and comprehension (Level 2 SA) of Not reported Unit-based staff vs. non-
Vanschooneveld, | the infection transmission risk factors with the use of the VIZ vs. the unit-based staff (clinical
T.C., McClay, J. | current EHR-based data. consultants and infection
C., Mercer, D. F., preventionists)
Fruhling, A., & The novice (1-5 years in
Meza, J. L. health care) vs. the
experienced (>5 years in
health care).
Kim S-H Decision quality (whether dominated or nondominated option) and Not reported Not reported

confidence level of the decision (a 7-point Likert scale), time spent
making a decision
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Figure 2.1. Flow diagram of included studies in a systematic review of data visualization
interventions
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CHAPTER 3. Understanding data use and preference of data visualization for public

health practitioners: A qualitative study

ABSTRACT

Background: Data visualization has great potential to improve access to and understanding of
data for decision-making among public health professionals. However, little is known about their
need for and use of data and information and their preferences regarding data visualization. This
study aims to 1) assess how public health practitioners use data, information, and evidence, 2)
understand perceptions of, and preferences regarding, data visualization to inform future design
of a data visualization tool; and 3) examine how to further public health practitioners’

engagement with the use of data for decision-making through data visualization.

Methods: Semi-structured interviews were conducted with 14 public health professionals from
state and local health departments across five states. Interview transcripts were coded using a
thematic analysis approach.

Results: Four themes were derived from the analysis: 1) collection of data, information, and
evidence, 2) approaches to understanding data and information, 3) data for decision-making and
communication, and 4) preference for data visualization and how it is being used. The analysis
also showed associated challenges public health professional face in each step or combination of

steps of data use processes.

Conclusion: Public health professionals believe in the great value of data, information and
evidence for 1) understanding current public health issues, informing their decisions regarding
their programs and services, 2) communicating with stakeholders for policy development and
funding allocation and 3) educating the public. Yet there were profound challenges and a desire
to use data much more and better. Data visualization tools can be used to improve understanding,

communication, educating, and decision-making.
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BACKGROUND

Public health leaders in state and local health departments are encouraged to make
decisions for resource allocation and public health planning based on up-to-date and reliable
data, information, and evidence.’3 Such Evidence-Based Public Health (EBPH) involves an
“iterative” and “nonlinear” cycle of steps, including understanding public health issues based on
data and literature and then developing, implementing, and evaluating programs and policies
(Figure 3.1).1 A specific set of competencies are required to implement EBPH such as

“quantifying the issues” and “prioritizing health issues.”*

However, there are barriers that often prevent public health leaders from using evidence
as a means to drive decision-making for their public health planning. These include political and
policy influence,* legal mandates and regulation,>® limited and inflexible funding and rigid
bureaucratic government systems and leadership that hamper change, as well as inadequate
incentives and expertise within the workforce for effectively exploring and using data.*+”
Moreover, tremendous funding cuts have undermined or led to the elimination of many local
public health programs.® Such widespread funding cuts put public health leaders in a particularly
tenuous position for systematically making decisions to effectively allocate their resources

regarding services and programs.®

With the rise of data science, we have new opportunities for answering guestions that
were previously much harder to answer, such as why certain populations in some areas are
healthier than those in other areas, or what socioeconomic factors impact health. A study by
Ryan et al. presented a data-driven decision-making tool that was used to aid decisions on how to

allocate funds for HIV/AIDS programs at a local health department in the US.!! The study found
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that the data-driven decision-making tool revealed better intervention strategies and could be

helpful in defending their programs in case of political restraint.!

Figure 3.1. Evidence-based public health framework by Brownson et al.

1. Community 2. Quantifying the
assessment issue
7. Evaluating the 3. Developing a concise
program or policy statement of the issue
6. Developing an 4. Determining
action plan what is known
and implementing through the
interventions scientific literature
5. Developing
and
priortizing
program
and policy
options

A powerful means of rendering the results of such data science more useful is data
visualization tools, which can facilitate these processes by supporting access to and improving
our understanding of data. Data visualization refers to visual representations used to support
understanding, communication, decision-making with data and information** as well as
“amplifying cognition.”*® By looking at underlying patterns of complex public health problems
that are informed by insights gained from data and information that are presented using

visualization tools, researchers are better able to generate evidence with meaningful data and
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public health leaders can more effectively select programs and services that are well-matched to

a community’s needs, preferences, and organizational capacity? .

There are numerous studies regarding data visualization from multiple disciplines such as
mathematics, statistics, computer science, information science, psychology, cognitive science,
and engineering.!* However, there are very few studies of data visualization used in public
health, related to how the tools help develop a “deeper level of understanding” of data and
information,'1? especially among public health leaders (S. Park’s systematic review paper).
Moreover, little is known about what the needs and preferences are of public health practitioners

for visual data regarding local public health issues.

| used qualitative data to 1) assess how public health practitioners use data, information,
and evidence, 2) understand perceptions of and preferences regarding data visualization to
inform future design of a data visualization tool and 3) examine how to further public health
practitioners’ engagement with and use of data for decision-making through data visualization.
This study was conducted to fill an important gap in understanding how improvements can be

made to public health practitioners’ use of data, information, and evidence.
METHODS
Data Collection

Semi-structured interviews were conducted via telephone to assess the needs of public
health practitioners for visual displays of data regarding local public health issues. The
interviews were a part of the Robert Wood Johnson Foundation- (RWJF) funded Public Health
Activities and Services Tracking (PHAST) Study (PI. B. Bekemeier). Participants were recruited

by emailing personnel who participated in one of the PHAST Study team’s recent projects
42



(RWJF Grant #73270) (Appendix B.) as well as by advertising through an online newsletter
distributed by the Northwest Center for Public Health Practice at the University of Washington’s
School of Public Health. Inclusion criteria for participants were that they had to be public health
leaders working at a state or local health department who were in a position involving data use
for analysis or decision-making as part of community health assessment and program planning.
A total of 14 public health professionals were interviewed individually from April to September

2016. Detailed characteristics of the interview participants are presented in Table 3.1.

The interview questions used are specified in Appendix C. Participants were asked to
describe their work as it involves decision-making, what kind of data and information they use,
how they use it, and their challenges related to using data, information, and evidence throughout
the decision-making process. Also, the interviewers asked about participants’ specific

preferences regarding data visualization for their work and their current use of data visualization.

Table 3.1. Characteristics of the interview participants

Characteristics Category Participants (n=14)

States (n) Washington 9
Georgia
Ohio
Minnesota
New York
Wisconsin

S N

Level of Jurisdictions (n)  State level public health department
County-level public health department

[EEN
[EEN

Director/assistant director/administrator/health
officer/health commissioner

Epidemiologist

Community assessment manager/coordinator
Researcher

Program director

Positions (n)

N NN W B>
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The duration of the interviews was between 30-45 minutes. Interviews were recorded,
and handwritten notes were taken for all interviews. Interviews were conducted with a note-taker
and at least one interviewer. The lead author participated in each interview and asked
supplementary follow-up questions or probes as needed. Institutional review board approval was
granted for this study by the Human Subjects Division, University of Washington (IRB Number:

51569).
Data Analysis

| conducted a thematic analysis of the transcripts and identified themes. Thematic
analysis is an appropriate approach to understand participants’ experiences and contexts without
being confined to a theoretical framework.*3®) The recorded interviews were transcribed
verbatim and imported into Atlas.ti. Software program version 7. The lead author read the
interview transcripts several times to become familiar with the interview content and conducted
coding based on identified recurring themes. To check the inter-rater reliability of our analysis, a
data analyst who was present during the interviews acted as an additional coder for a sample of
the interviews. Additional sample transcript coding was also performed by a Ph.D. student in
Information Science. Inter-rater reliability was checked indicating a moderately satisfactory level
of reliability (Kappa: 0.8) using the Coding Analysis Toolkit (CAT). 1° After determining inter-
rater reliability, coding for the rest of the transcripts was finalized by this study’s lead
investigator (S. Park).

RESULTS

| identified four themes from the analysis: 1) collection of data, information, and

evidence, 2) approaches to understanding data and information, 3) data for decision-making and
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communication, and 4) preference for data visualization and how it is being used (Table 3.2).
The analysis also showed associated challenges they face in each step, or combination of steps,

of data use processes (Table 3.2).

Collection of Data, Information, and Evidence

Participants described how they collect data, information, or evidence for their work.
Even though | specifically asked about “data,” the responses were not exclusively limited to
data; participants used the terms data, information, and evidence inter-changeably or in
combination. As a result, what the participants call data collection I have identified as “collection
of data, information, and evidence.” Broadly speaking, participants described two ways of

collecting data, information, and evidence: informal and formal sources.

Before or in addition to looking at specific figures in data, administrative information,
and evidence, they often seek out information informally from peers or other local government
organizations such as law enforcement and environmental departments. For example, one
participant expressed how sometimes informal communication can be helpful in their decision-
making. The participant noted, “We started looking at death data from an (opioid) overdose. We
saw a slight uptick but not great. But when we started talking with our police force, they were
having more and more Narcan, naloxone, and we really used that and that helped drive our
decision to start a Naloxone program for family members to come here and get it at no cost, be

trained.”
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Table 3.2. Data Use Processes for Decision-Making among Public Health Practice

and evidence

= Schools, communities, e.g., data
sharing contract with schools or
communities

= State and federal government data
portals

= Peer-reviewed journals

Theme Domains Challenges
e Informal sources
*  Hearing from peers Data quality issues
* Forml_allbsource: Scattered data sources
" SSrv:eeiores satisfaction survey from Limited access to data
Collection of veys, &9 y Data related to emergent
patients and customers . -
data, ) . issues (opioids, tattoo, e-
. . = Hospitals, clinics .
information, cigarette)

Lack of epidemiologist or
IT experts

Old and inconsistent
information systems

e Making comparisons with other counties, their
state, the nation, or themselves over time by

Difficulty in combining
multiple data sources due
to the heterogeneity of

Communication

e Building a story using data

e Justifying funding

e Policy development

e Educating about public health issues

Audience: Staff use data with the Public for
e Communicating and educating the public
about health issues and prevention

Approaches to combining with ancillary datasets (e.g., data collection and
understanding population size, poverty level, demographic measurement system
data and information, etc.) Staff desire for having
information o Data are usually managed by data experts or access to granular (sub-
epidemiologists where there are appropriate county) data
and enough staff in their jurisdictions Lack of epidemiologist or
IT experts
Audience: Agency staff desire data access for
e Understanding the needs of community,
e.g. community health assessment
e Quality and customer satisfaction for
program improvement
e  Setting priorities for program planning and
Data for program evaluation Need effective ways to
Decision- Audience: Staff use data with stakeholders and communicate
Making and | policymakers for Lack of epidemiologist or

IT experts

46




Most participants, however, described more formal ways to collect data, information, and
evidence depending on the data sources and methods they use. The sources of data were varied
and included lab reports, hospital data, surveys, state and governmental data, and peer-reviewed
journals. Data were collected in many different ways. Primary data were collected directly from
patients or customers who were served by their agencies. Secondary data were gained from
hospitals, clinics, or schools or were found in publicly shared governmental data portals. They

also noted that they search peer-reviewed literature in combination with local data.

Participants reported that they frequently used peer-reviewed literature to inform their
decision makers (e.g., Board of Health) because evidence from literature already produced by
experts saves time and effort compared with conducting original research. However, they also
emphasized that using primary data that they analyzed was extremely informative for decision-

makers especially when it involved trendy health issues such as “e-cigarettes.”

Profound challenges were also noted related to the process of collecting data,
information, and evidence. Several described that data sources are scattered, and even after the
data were obtained it was not easy to use. One participant noted, “You can just get lost because
you are going to so many different places and you might be getting conflicting numbers from
different places.” Also, even after they have gathered the data they need, they described facing
difficulties in linking and analyzing datasets due to limited staff who have the relevant skills or
knowledge to do so. Another challenge was that their data reporting system or data registry was

often old and inconsistent across jurisdictions and over time.

In many cases, the registry was not mandatory resulting in incomplete datasets that

caused them to question whether the numbers they saw reflected reality, or if they were due to
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reporting failures. Other challenges addressed included limited access to data, data that were old
or not timely, and a simple lack of desired data. Finally, participants described their data
reporting systems as not keeping up with newly emerging issues that need to be addressed by

decision-makers (e.g., opioids and e-cigarettes).

Approaches to Understanding Data and Information

Most participants saw data, when available, as a valuable means for comparing
themselves with other counties, their state, the nation, or themselves over time. Most
practitioners expressed a desire to see what was going on in their county compared to others as
well as what other community groups were working on so that they could better consider if they

could or should adopt a similar strategy.

However, participants noted that comparisons should be used with caution because the
performance of local public health systems often depends on their funding, size of staff and
many other factors (e.g., the demography of population they serve). Practitioners also preferred
to see rates or ratios rather than raw or total numbers of cases. If possible, participants wanted to
see data combined with ancillary datasets to compare areas of similar geographical size,
population size, poverty level, or by rural versus urban areas. For these kinds of comparisons,
maps were expressed as a preference by participants because they were useful for understanding
data. One participant noted “I love it when they have an interactive map. ...And you can click on
your state, and then your county.... you can zoom in and zoom out, and ...get info by hovering
your mouse over.” Comparisons were also done or desired in which one examined the
effectiveness of interventions. One practitioner noted, “We might work with school districts to

collect BMI (Body Mass Index) data, you know, direct height and weight of kids because we
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have given them a mini-grant. ... So, we use that kind of pre- and post to look at how their
interventions are with how they might affect decreased BMIs.” Participants representing local
public health departments particularly stressed the need for more county-level data and even sub-
county level data as being more important than regional or state level data. These local
participants were more interested in understanding public health issues in their neighborhoods
because the context of health issues is specific to the areas and neighborhood in which they are

working.

However, county level or sub-county level data are often not available, compared to state
or national-level data. Even when county-level data such as Pregnancy Risk Assessment
Monitoring System (PRAMS) or Behavioral Risk Factor Surveillance System (BRFSS) are
available, sample sizes of those survey datasets in small counties are too small to see
generalizable trends and patterns. Other challenges were identified related to inconsistent data
measurement and reporting systems over counties and states, or over time. Participants
described, for example, that some counties were developing their scales to measure their public
health performance for program planning where a standardized public health measurement
system was absent across their jurisdictions. Moreover, they found it challenging to combine
multiple data sources with exploring health outcomes of populations from different
socioeconomic backgrounds because data are scattered in different sources and data collection

methods, measurements and data structures are not consistent across jurisdictions and surveys.

Related to the problem of the sheer lack of desired data in public health, many
participants expressed difficulty with understanding public health issues in the context of
advocating for policies. A public health practitioner from a state health department, who had

struggled to testify on a public health issue during a legislative session, noted, “We only had 132
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counties using the system . . . So, we didn’t have a proper count statewide out of 159, to answer
that [the legislative committee’s questions]. We did not have answers for those particular

counties.”

Several participants noted that data and information are usually managed by data experts
or epidemiologists, not by administrators or managers themselves when there are appropriate and
enough staff in their jurisdictions. For example, a local health department that can hire a
geographic information system (GIS) analyst may be available to develop maps for checking
data quality and analyzing data as needed. One respondent from a jurisdiction serving a mid-
sized population indicated, “We can see if there are things that are widely out of range...and we
need to look at it [to see] if there is something wrong with that particular data field. It takes

visualization. It is the easiest way to do that when you have hundreds of variables in a dataset.”

On the other hand, some participants reported that not having enough staff, particularly
staff trained in data analysis and visualization (e.g., epidemiologists or informaticians), made it
difficult for local health departments to utilize data adequately. This was especially true in small
or rural local health departments. Administrators from small-sized local health departments
reported that they sometimes ask other nearby counties to share data and information that might

reflect their counties.

Data for Decision-Making and Communication

Public health professionals collected and understood data, information and evidence, then
used them for decision-making and communication for three main audiences: 1) local or state

health department staff themselves, 2) policymakers and stakeholders, and 3) the general public.
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First, local or state health department staff saw themselves as an audience that uses data
and information for various purposes, such as understanding the needs of their communities, so
that they can set priorities for programs and services and allocate resources. They also wanted to
assess client satisfaction with the programs and services they provide for the purposes of quality
improvement. Often, they described using data and information to publish annual reports and

research papers. During these processes, data are usually shared organizationally.

A second main audience is policymakers and stakeholders. Data and information are used
to justify how their agency funding has been used and to advocate for more funding. For these
audiences, participants noted, just presenting data is usually not enough to advocate for their
programs and funding. Stakeholders and policy-makers, they indicated, are more likely to listen
to stories and well-crafted narratives built upon data to more easily persuade them in their
decision-making. Participants also reported that one-page factsheets or infographics are useful
for first contacts with staff in legislators’ offices, because those formats are easy to digest, can
catch their attention visually, and can potentially initiate a dialogue in which additional
information can be provided. As one participant noted, “We have a one-pager that’s really an
infographic, and we hand that out all the time at community meetings to legislators and
presentations to our city council. We have it on our website.” Data and information also can be
used to advocate for developing policies. For example, one participant, a state director of
Assessment, Policy Development & Evaluation, used data related to swimming pool inspections
to communicate current needs regarding pool safety and to inform policymakers during the bill

development process.

A third main audience was described as the general public and concerned the public’s

desire to access public health information. Participants noted that one-pagers or infographics are
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again very useful for educating or communicating to people broad concepts related to public
health prevention issues, specifically when one wants to motivate behavior change. As one
public health leader noted, visual displays of data are particularly more useful as a
communication tool, with policymakers and the public, compared to their use for decision-
making internally within their agencies. When visualization is used for communication, the
participant saw his/her role as an interpreter of data for the audiences by producing and

presenting data and information most convincingly based on their interpretation of it.

Preference for Data Visualization and how it is being used

This study revealed current use of data visualization and preferences for data
visualization features among public health professionals, aiming to inform the design of future
data visualization tools that may be useful for decision-making and communication among

public health professionals.

Most participants showed high interest in applying visualization skills or tools in their
public health practice. One respondent noted the value of visualizations by saying “Pictures
always speak a million words.” Several points were made by participants regarding how public
health practitioners are using visualization and their preference for it. Generally, most
participants indicated liking simple and easily understandable visualizations even for lay
audiences, as well as appealing data visualizations for communicating with stakeholders. By
using visualization tools, they want to enhance the way they use data—comparing their county or
state with and across counties, states, and the nation to know where their agencies or

jurisdictions stand relative to others—more effectively.

Participants described specific preferences for design features. These included:
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1)

2)

3)

Overview first, zoom and filter, then details-on-demand?®

Participants expressed that they like visualized information, one-pagers, and executive
summaries first, but then also wanted to dive down into detailed information by clicking on
something. Detailed information includes data sources and methods of data collection, so one
can discern for oneself whether the data are reliable and valid to use and share.
Well-organized information (e.g., standardization of categories)

Participants expressed difficulty with finding data in visualization tools because data are
usually categorized differently depending on the data source. “If you are looking at child and
maternal health data versus environmental health and then that’s broken down into the water,
air and then chronic disease, you may have found this data under one heading in this website,
but in another website, it is under a different heading.”

Maps

They consider maps an essential tool. Participants expressed that a lot of health issues are
location-based. “Are we seeing respiratory issues more for people living along an interstate?
Because we have an interstate that goes through our county .... that’s a very specific ribbon
of pollution that happens right around the highway, so are we seeing an increase in
respiratory issues or things of that nature?” A respondent noted that by looking at the
problem area, it reinforces the understanding that problems are not equally distributed, and it
helps them to focus their limited resources to make a bigger impact in that area. “When you
can map it out and show that truly these three zip codes are the areas of most need and that’s
why we are only going to do this program in these three zip codes. It makes a very

compelling argument.” This spatial information from maps can also serve to communicate
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with policy-makers because maps provide a snapshot of how the problems are occurring
geographically.

4) Tables vs. Graphs
Participants also expressed liking graphs and charts but not in all cases. Tables, they
indicated, are sometimes preferred over charts, when graphs and charts become too
complicated. “If there is too much information, people try to put too much into a chart with
many lines or many bars.” They noted that it takes some time or help to first understand

visualizations, but once you are self-taught or taught by others, they become usable.
DISCUSSION

While the process of data use was complex and varied depending on the participant, |
identified three major themes related to how public health professionals use data for their public
health practice as well as challenges they faced. Although these themes were categorized
separately for analytic purposes, they were non-linear in many situations and were described as
not mutually exclusive. Public health professionals in this study expressed that they place great
value on data, information, and evidence for 1) understanding current public health issues,
informing their decisions regarding their programs and services, 2) communicating with
stakeholders for policy development and funding allocation and 3) educating the public. | found
profound challenges, however, in their use of public health data, information, and evidence. The
challenges found in this study were consistent with other studies in the field, including old and
inconsistent information systems and scattered data sources, ¢ insufficient data,”® inadequate
sub-county data,***® data that were old or not timely,’ inadequate funding for information

systems* and inadequate staff with the relevant skills and knowledge.?"4
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Our results suggest how data visualization tools could be used to address these
challenges, based on practitioner reports of how they use data and data visualization (Table 3.3).
Several points can be discussed with regards to how data visualization can improve data use in
each data use process. As reported by a participant, checking data quality using maps was helpful
in checking if there are any missing data points or outliers. Visualizing data and information can
help increase understanding of complex real-world problems by integrating large quantities of
information from multiple sources and reducing cognitive burden, resulting in effective and
efficient information-based decision-making.1#?426 For example, participants in our study
expressed wanting to have an interactive visualization tool that combines multiple data sources
representing social determinants of health, so that they can understand what factors contribute to
health disparities in certain areas by looking at maps and graphs of their choice. Interactive data
visualization further provides additional information that users can gain access to and manipulate

using filters, colors, technical documentation, and links to detailed information.

Public health professionals in my study expressed repetitively that visualized data and
information can be shared and presented more easily between agencies, in-house, with
stakeholders, policymakers, or with the public at large. By using visualization skills, they would
enable them to make more effective communication tools with policymakers for advocating their
funding, programs, and services.?” A study by Pandey et al. on an effect of visualization on
persuasion found that chart displays have statistically significant effects on attitude change for
socially controversial topics (e.g., the relationship between strict imprisonment and decreases in

crime), depending on the participants’ initial opinion on the topics.?®

Findings from this study regarding specific preferences for types of data visualization

have also confirmed a previous study.?® That study similarly found that health policy experts
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liked to have simple data visualization with interactivity, colors, and tooltips as well as a map of
health indicators. This study also confirms a special preference for using maps.?® An interactive
map can be a powerful tool for understanding and effectively communicating public health
issues with multiple layered data sets on a geospatial presentation.®® Kard and colleagues
described in his book'® that scientific data tends to be based on physical data (e.g., the human
body, the earth). Public health data and indicators are not inheritably based on physical space
(e.g., budget, number of staffs, number of outbreaks of communicable disease), however, those
data are combined with data with geocoding that present geographical space. Maybe that is why
public health professionals in this study and others prefer having a map that enables the public

health data to be presented geographically for improved understanding.

Table 3.3. Addressing gaps through visualization

Theme Visualization relevance to improving data use
Collection of data, e Can improve data clarification and identification of missing or wrong
information, and evidence data quickly by giving a visual overview

e Can include multiple data in one place to improve understanding

Approaches to e Can represent trends well
understanding dataand | e Can improve data analytics by showing results visually and
information interactively (filtering, color, map, customization)

e Can support non-data experts in interacting with data

Data for Decision-Making | e  Can support decision-making
and Communication e  Can support communication (infographics, map)

Although data visualization has the potential to bring benefits associated with
understanding and use of data, this study suggests that the use of data visualization cannot be
achieved without addressing systematic challenges such as old and inconsistent data collection

and management systems and lack of funding for staff with relevant skills. Public health leaders
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in our study and other research stressed the need for improvements in data quality and in their
use of data to better fulfill their needs.?* Those challenges exist across themes in this study
regarding public health data use; the collection of data, information, and evidence, understanding
data and information, and data for decision-making and communication. For example, if public
health leaders only have data that are incomplete and inadequate, the interpretations they make
from these data have limitations for understanding public health needs and may not be reliable
for decision-making or communication. On the other hand, when a health department does not
have enough staff with relevant skills, their capacity to collect adequate data can be limited, or

data use itself can be restricted even when reliable data exist to meet needs.
Limitations

There are potential limitations of this study. Although interview participants were varied
regarding the states they are from, level of jurisdictions to which they belonged, and positions in
which they were involved in using data, the themes presented here may not have captured the
full range of perspectives. Our findings are based on a purposive sample of interview participants
drawn from willing participants who are likely to be more data-savvy or interested in the use of
data, thus, they may under-represent the public health practice challenges to data access and use.
Also, the majority of our participants were from Washington State (64.2%) and local health
departments (78.6%). This could limit our participants' perspectives, as the status of data use in
public health could differ depending on which state one is in. Perspectives between a state health
department and local health department leaders may also be very different. Finally, our research
focused on public health professionals in positions that use data for their decision-making;

therefore, our findings are not generalizable to all public health practitioners at every level.
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CONCLUSION

In this study, | assessed how public health leaders use data, information, and evidence,
and their current use of and preferences regarding data visualization in their practice. | found that
public health leaders use data, information, and evidence from various resources daily for
communication with co-workers, stakeholders, and the public, and for decision-making
regarding their programs and services in various settings. They desire to use data much more and
better. Many public health professionals also appear to already be adopting some form of data
visualization such as graphs, charts, maps, and infographics to improve their practice. They face

systematic challenges that impair adequate data, information, and evidence use.

Opportunities exist, however, for ways to support public health leaders in using data
better through data visualization and by supporting those challenges at the agency level. Such
support needs to be also accompanied by large system changes making data more reliable and

accessible.
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CHAPTER 4. Tables versus visualization for understanding data among public health

practitioners

ABSTRACT

Introduction: Despite the potential value of data visualization for improving the understanding
of data in a manner that results in better decision-making in health and healthcare, there is little
understanding of its applications in public health practice, particularly for public health program
planning and resource allocation. This study examined how data were understood differently by
public health practitioners when displayed in table format versus more visualized formats. This
study also examined practitioners’ confidence in their understanding and perceived ease of use

with table and visualization presentations.

Methods: An exploratory mixed-methods design using online surveys was used. The study
developed an online dashboard that included a set, including a table and an interactive
visualization that were used in the online survey. The online survey included scenarios and

related questions that participants were asked to answer by exploring the dashboard.

Results: Twenty-two public health practitioners participated in this survey. Content analysis of
the qualitative data collected by open-ended questions described relationships that participants
found by looking at data in a table and a visualization. Public health practitioners found similar
types of relationships through the comparisons they made with both the table and visualization
format data, such as comparing to mean, median, min, or max, comparing by population size
categories, or between subcategories. It was found that data visualization has benefits in
advancing the understanding of data among public health practitioners. Data visualization seems
to make it easy for participants to find information from data, reduce errors in assessing

information, as well as process data, and help generate more meaningful knowledge.

Conclusions: The study findings suggest that data visualizations could be useful in advancing
the understanding of data among local public health leaders, and in filling a gap in understanding

how to improve their use of data and data visualizations for their practice and decision-making.

Keywords: data visualization, interactive data visualization, public health practice
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INTRODUCTION

One of the eight domains of core competencies for public health professionals is analytical and
assessment skills that include collecting, understanding, analyzing, and interpreting valid and reliable
data, and making evidence-based decisions to address community health needs. * Public health
practitioners are expected to use “data and information, and evidence systematically” when making
decisions for programs for disease prevention and health promotion to incorporate the concept of
Evidence-Based Public Health (EBPH). 24 °®¥) |n a study assessing how urban US city health
departments use data to inform their work, local public health leaders responded that they believed using
local data was good for informing decisions regarding public health programs and policies and educating
decision-makers about certain community health problems. For example, the study cites how practitioners
using data to cite notably higher smoking rates in their district compared to ones in neighboring districts

drew more attention from decision-makers to the problem. 2

Public health professionals, however, underutilize data, information, and evidence for assessment
and analysis of public health issues as guides in decision-making. The literature consistently indicates the
need for public health practitioners to have accessible, “timely, easy to digest, and up-to-date information
that is filtered, summarized, and synthesized from the authoritative content source.” 3P*12 A qualitative
study that conducted interviews with New York Local Health Department (LHD) leaders and upper-level
staffs found that not all decisions made were based on evidence; some were instead based on “gut
feeling”, even though the LHD leaders were aware of the importance of evidence and desired to use it
more. 4 In a nationwide survey study with LHD practitioners, researchers found that LHD practitioners
ranked funding guidance from legislative authorities or state health departments as more important for
their decision-making (e.g., program planning, policy development, or funding) than scientific resources
such as systematic reviews of scientific literature (e.g., Community Guide), scientific reports, and general
literature review articles. ® In a more recent NAM report, the importance of information and information

systems for monitoring community health needs were emphasized, but the report expressed concern about
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“inadequate access to information systems and communication tools” for the public health infrastructure.

6

Visualizing data and information can help increase understanding of complex real-world
problems by integrating large amounts of information from multiple sources, making data more
accessible, and reducing cognitive burden, resulting in effective and efficient information-based decision-
making. "~1° Viisualization broadly refers to any visual representation of data and information such as
charts, graphs, bars, maps, and images that aid in the understanding and communication of data. ** Good

visualizations help explore unknown problems with data and answer questions about real-world problems.

12

Previous experimental studies have found that data and information aided with visualization tools
are more likely to impact human understanding, perception, motivation, attitude, and decision-making. ™
91315 |n a study examining how visualization tools help emergency unit staff understand situations better
by looking at visualized map versus a table, researchers found that staff with a visualized map had a
significant increase in their situation awareness and their confidence regarding their understanding. A
study by Hsu and Lin reported that a decision-making learning module that included visualization tools,
cognitive guide, and group discussion, improved high school student’s decision-making related to socio-
scientific issues (e.g., building a water reservoir while considering the surrounding environment).
Another study by Kim revealed that a SimulSort, a visual aid for multi-attribute decision-making,
enhanced the probability of making better decisions (e.g., selecting the best apartment considering its
location, price, size, etc.). * As found in my previous qualitative study (S, Park, dissertation paper),
public health practitioners expressed that, based on their experience, data visualization was useful,

because of its potential value for understanding and communicating data.

Despite the potential value of data visualization for improved understanding of data and therefore

better decision-making in health and healthcare,!”*8 there is little understanding of its applications in
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public health practice, particularly for public health program planning and resource allocation. To begin
to build this body of public health research to support the use of data for decision-making using data
visualization, this study examined how data were understood differently by public health practitioners
when displayed in table format versus more visualized formats. While tables are a more traditional way of
collecting and displaying data in many governmental organizations, including public health, this study
also sought to examine whether visual displays of data and information were easier for public health

practitioners to understand compared with tables of the same data and information.

METHODS

Participants

I used convenience sampling to recruit eligible participants for the study described here, drawing
a sample from among the study participants of an ongoing research project (RWJF #73187, P.l Betty
Bekemeier) by the Public Health Activities and Services Tracking (PHAST) research team. The
participants in the PHAST study had provided de-identified aggregated secondary public health
administrative data that were used for creating a data visualization tool for a larger study. Participants in
the larger PHAST study had already demonstrated an interest in improving their access to and
understanding of existing data and, thus, were expected to be more likely to participate in the study
described here. In order to recruit from among the PHAST study participants, | sent out recruiting email
invitations in September 2017 and contacted representative public health leaders from Missouri,
Nebraska, and New Jersey for whom we had contact information through PHAST’s previous research.
The recruiting email asked recipients to share information about this study with colleagues in their
agencies to identify more potential study volunteers. After receiving reply emails from volunteers, |
screened them for eligibility. Inclusion criteria for this study were: 1) working at a local or state health
department, and 2) serving in a position of director, administrator, program lead, or director of finance,

etc. that involves program planning, finance, or decision-making in a local or state health department.
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Participants, who fully completed the survey, were invited to voluntarily provide their email address for a
random drawing, in a link separate from the survey. The compensation for the two randomly selected
participants was $600 each towards registration for a conference of their choice. This study was approved

by the University of Washington Human Subjects Division Institutional Review Board.

Design, Procedures, and Analysis

An exploratory mixed-methods design using online surveys was employed to capture how data
were understood through two different formats of data presentation — a table and visualization. | also
examined participants confidence in their understanding as well as their perceived ease of use with the

table and visualization presentations.

Recruited participants were sent an email with a link to an online survey that included scenarios
and related questions. Survey participants were first asked to read a scenario in which they imagined that
they were working for a fictitious LHD and doing budget planning or budget reporting about a
communicable disease control program within that LHD. The scenario asked participants to develop an
understanding of budget-related data from their LHDs and then compare them with data from other LHDs
within their state or in other states. Then, they were asked to consider how much money should be
allocated within their own (fictitious) LHD to fund different communicable disease control programs in
their agency. Finally, they followed a link to a budget-related dataset that could be explored in two
formats: a table and a visualization. To prevent bias, participants were randomly allocated to two groups;
one group looked at the table format data first and then looked at the visualization format data, and the
other group started with the visualization format first. Participants were then asked to 1) compare “their”
(fictitious) agency with other (also fictitious) agencies in “their” state with regard to communicable
disease control programs and to summarize what they saw in the comparison, 2) compare “their” agency
with others in “other” states in terms of communicable disease control programs and to summarize what

they saw in the comparison, and 3) compare “their” agency with “others of a similar population size” in
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terms of communicable disease control programs and to summarize what they saw in the comparison.
Participants were asked to provide these three written summaries in order to understand the insights that
participants gained from the comparisons. The purpose of asking them to summarize the data they saw
was not to check if they were “correct” in their responses or to check how quickly they understood the
data; rather it was to capture their description of how they understood the data as they might in the
context of a typical work task.'® After exploring both types of information (table and visualized formats),
subjective levels of confidence about their comparison summaries were assessed using Likert scales
(e.g.1- very confident, 2- somewhat confident, 3- neutral, 6- not confident at all). | also asked which
formats of data display were easier to use for making comparisons, using a multiple-choice question (e.g.,

Table was much easier than visualization, Visualization was somewhat easier than the table).

Finally, they were asked to provide general demographic information such as gender, age, years
of public health experience, background fields (e.g., epidemiology, economics, public health), education
level, graph literacy, and numeracy level. Numeracy (quantitative literacy), the ability to understand and
use numerical information for decision-making, % was assessed using a modified five item-numeracy
measure based on Lipkus, Samsa, & Rimer’s 11-item numeracy scale. 2 The objective scale used
included a free-response format that assessed the ability to convert between proportion and percentage.
Graph literacy, “the ability to understand graphically presented information” was assessed using a 5-item

subjective graph literacy (SGL) scale. 2223
Table versus Visualization

The online dashboard used in the survey instrument included a set of tables and a visualization.
The same dataset was used for both the table and the visualization. The dataset represented per capita
expenditures of communicable disease control programs and activities in 14 LHDs from four states and

was used by permission from a previous PHAST study project. The LHD data for the participants’
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fictitious LHD were unlabeled in terms of an LHD’s actual name to maintain data confidentiality and to

focus the participant on the data and not its source.

The table used in this study (Figure 4.1) displayed per capita expenditures using multiple
categories (the subcategory of communicable disease program on the row intersected with columns of
agencies [e.g., Al, A2, A3] and states [e.g., State A]). The table allowed participants to compare per
capita expenditures between subcategories of communicable disease programs (e.g., immunizations,
tuberculosis) as well as between agencies within and across the four states. At the end of each row, a
descriptive summary of the per capita expenditures such as mean, median, minimum, and maximum were

added to aid their exploration.

The visualization used was developed using Tableau 10.3.13, for which | used stacked bar charts
to show the distribution of per capita expenditures of LHDs separated by states (Figure 4.2). To support
users’ exploration of the visualization, I included several features such as filtering, hovering, selecting,
and color coding with the addition of short notes to guide participants’ use of the visualization. The
participants could, for example, hover over the graph in Figure 4.2 to see details or click the legend to
highlight the selection of sub-programs under the communicable disease programs. They could also select
large and medium metropolitan areas, small metropolitan areas, or micropolitan areas (Figure 4.2). To
help the participants know what population size category “their” LHD belonged to, a population size chart
was included on the bottom of the bar chart. This population size category was intended to help them
compare “their” agency with similar-sized agencies, which had been a desire frequently expressed by

public health leaders in previous PHAST studies. 2*
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Figure 4.1. Table for a set of per capita expenditure of communicable disease programs

DATASET PAGE

Table format data Visualization format data >

Expenditure for Communicable Disease Programs ($ per capita)

State A State B State C State D
A A2 A3 B1 82 83 B4 c1 c2 c3 3 D1 o3 | D4

immunization $130 S48+ $1138| $1834 S1363 $13042 $1553( $4008 $820 $2188 S1762 $277 $2157 Sr278 $2836 $1687 $1.39! $13042)
STD $049. S000. $1.09) S1381 S168S $298 $280| $14.58 $491 $3057 SATS| $1248 S$451 Sa30f $841. S4r1| S0.00! $3057
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Analysis

I used a mixed method approach for the analysis in coding qualitative data and analyzing

guantitative survey questions.

Quialitative coding of open-ended questions. Qualitative content analysis was used to code themes in
the open-ended questions regarding a participant’s summary of what they understood from the table and
the visualization to describe differences in decoding the data between table and graph. 2° The study author
(Park, S) read the responses and performed open coding. Codes were assigned to emerging themes and
iteratively refined and collated into broader concepts as more of the transcripts were coded. After the
coding was completed and to ensure rigor, I used a “peer review” approach, discussing my coding and
emerging themes with a PHAST team member and checking for agreement. 26-2 This discussion reached
almost total coding consensus. The coded themes were tabulated for their frequencies by comparing table

vs. visualization.

Quantitative descriptive analysis. Descriptive statistics including mean, variation, and frequencies were
used to describe the study participants, perceived ease of use between a table and visualized format data
and scaled confidence for an understanding of table and visualized formats of data. Also, perceived ease

of use was examined relative to age, years of working experience, graph literacy, and numeracy.

RESULTS

Participants’ Characteristics

A total of 22 public health practitioners participated in this online survey. Among participants,
63.6% were female, the average age was 48 (SD: 12.6) years, and 45.4% had graduate-level degrees
(Table 4.1). Most participants (77.3%) held positions as directors, administrators, health officers, or

program managers, suggesting that they were in decision-making positions in their agencies.
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Table 4.1. Demographic characteristics of the study participants

Characteristics Category Participants (N=22)

Age in years (n, %) Less than 40 5 (22.7%)
40-49 5 (22.7%)
50-59 8 (36.4%)
60-69 4 (18.2%)

Gender (n, %) Female 14 (63.6 %)
Male 8 (36.4 %)

Highest Education (n, %) Some college 1 (4.5 %)

Bachelor’s Degree

11 (50.0 %)

Master's Degree 9 (40.9 %)
Doctoral Degree 1 (4.5%)
Public Health 8
Training Field (multiple answers)
Business 4
Nursing 3
Administration 3
Epidemiology 2
Accounting 2
Others (Geography, Biology, etc.) 3
Job Title Director/administrator/Health Officer 10
Program Manager 7
Fiscal Director, Accountant 3
Health Educator 1
Researcher 1
Years of Working in Public Health (Mean, SD) 8(7.8)
Numeracy Score out of 5 (Mean, SD) 4.62 (0.59)
Graph Literacy Score out of 25 (Mean, SD) 19.68 (3.56)
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Comparisons of Tables versus Visualization

Content analysis of the qualitative data produced 18 themes from the set of three open-ended
questions for the table and visualization. Ten themes were mentioned and discussed by participants that
related to comparison relationships that participants summarized when looking at the table and the
visualization (Table 4.2). Also, eight themes were identified that were about insights separate from
comparison relationships (Table 4.3). Most themes, regarding the comparisons (Table 4.2) and insights
separate from comparisons (Table 4.3) were identical for the table and the visualization, but some themes
occurred only with the table or with the visualization. The themes are presented below and in both tables

in order of their frequency of occurrence.

Comparison Relationship. The most frequent types of comparison the participants made
between both the table and visualized data were ‘comparing to mean, median, min, or max; although it
should be noted that for visualization data it was only possible to compare to mean.” The next most
frequent was followed by ‘comparison by population size categories’ and ‘comparison by subcategories
under the communicable disease’ (Table 4.2). Then, for the table, participants tended to compare by
ranking LHDs in terms of per capita expenditure or listing exact values of per capita expenditures of each
LHD. As noted by a participant, “[Our agency] is spending almost the lowest amount on STD [Sexually
Transmitted Diseases], 2nd only to D4 agency..." Some comparisons were only found in the
visualization, such as, when participants referred to comparisons using the visualization, they tended to
describe what they compared in terms of an overall picture of the information. For example, a participant
reported, “Though most agencies of my size spend the bulk of their communicable disease funds on
immunizations, A3 [agency] spends the bulk on Tuberculosis services.” Another participant noted, “With
the exception of B2 [agency], all seem to dedicate the majority of resources to immunizations.” Others
also compared the data values by gauging the size of the bar graph, as noted by a participant, “...the
amount spent on Immunization in C3 [agency] was half [of] the amounts spent in C1 [agency], whereas

the amount spent on TB [Tuberculosis] was double that of C1.” In addition, participants made
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comparisons using filters that the visualization tool provided to sort agencies by population size. Such a

filtering option was not included or possible in table format data.

Table 4.2. Differences between table and visualization responses regarding comparisons

Table (n) Visualization (n) Table  Visualization
Within Within
Within  Across similar Within  Across similar Total Total
state state  population state state  population (n) (n)
size size

Compare to mean/median/min/max 8 16 7 7 7 5 31 19
Compare by population size 5 3 13 3 2 13 21 18
Compare by_each category under 8 4 3 8 5 1 15 14
the communicable disease
Compare by ranking 5 2 4 2 1 4 11 7
Exact/individual values 4 1 5 4 1 2 10 7
Variation 2 3 2 3 3 3 7 9
Part to Whole (percentage) 2 3 2 3 1 4 7 8
Comparison: overall pictures 0 0 0 0 7 1 0 8
Compare by size of bar graph 0 0 0 4 0 1 0 5
Using filter function 0 0 0 3 1 1 0 5

Table 4.3. Differences between table and visualization insights unrelated to comparisons

Table (n) Visualization (n) Table  Visualization
Within Within
Within  Across similar Within  Across similar Total Total
state state  population state state  population (n) (n)
size size

Using adverbs of degree 5 3 2 2 7 2 10 11
Ah-ha moments 4 2 0 4 4 3 6 11
Lazy answer/takes time 0 0 6 0 1 0 6 1
Making error 1 2 3 1 0 0 6 1
Answers not clear 1 3 2 0 0 0 6 0
Finding Outliers (zero value) 1 3 1 2 2 0 5 4
Express difficulty in finding
information 0 2 3 0 1 0 5 1
Express easiness in finding 0 0 0 1 1 1 0 3
information

General Insights. Aside from the relationships that participants found for comparison, other

insights were reported (Table 4.3). Participants frequently used adverbs of degree such as ‘significantly
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more’ or ‘extremely less’ to describe comparisons they found from the data both from the table and

visualization. Participants also reported outliers that stood out in both the table and visualization.

There also were differences reported between table and visualization. Participants looking at the
visualization, more frequently expressed questions or speculations regarding what other factors might be
related to the pattern they saw from the data, or their insights from the data—expressing, thereby, an ‘ah-
ha’ moment or a type of musing. One participant, for example, stated “I would be interested in looking at
these areas geographically to see what other factors could be involved. Are they closely located to a small
metropolitan area or micropolitan areas? Are they in a state, which helps to fund local public health
efforts? What are the demographics?” Another participant stated, “Surprisingly when compared to
similar-sized counties, I now feel that my spending per capita on Immunization is much higher.” Incorrect
assessments about the data that were reported by participants were more common in responses related to
looking at the table. For example, one participant compared per capita expenditure on each of their
agency’s communicable diseases programs with two other agencies in their state but mistakenly

concluded that their agency spent more on epidemiology than the other two, when this was not the case.

Also, participants more frequently expressed difficulty in finding information when they looked
at the table, especially when they were asked to compare the data across states (comparing across multiple
columns that were likely more distant columns as well) and within agencies serving similar population
sizes. In contrast, participants expressed, in their open-ended responses, that it was easy to find
information when they were looking at the visualization format data. For example, as noted by a
participant, “...It is very easy to use the filter for each of the disease programs to determine how our
agency compares....” Another participant also reported, "Once | determined that our agency is a small

metropolitan area, it was very easy to filter on the population size and see only the small metro areas....”

Confidence in their Comparison. After answering the three open-ended questions about the

table and another three about the visualization, the survey asked how confident participants were in each
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of their answers (total of six questions). Participants answered that they were either “very confident
(n=38)”, or “confident (n=87)” in addition to “not sure (n=6)" about the comparisons they summarized
for the three open-ended questions for the table and visualization. No participant answered that they were
“not confident” about their answers. Among the participants who answered that they were “very confident
(n=38)”, 21 participants answered “very confident” when looking at the visualization compared to 17

participants answering this way when looking at the table.

Ease of use regarding data display--table versus visualization

After completing comparisons using both the tables and visualization, participants were asked
about which display was easier to use to find and understand the information they needed to make
comparisons, far more participants indicated that the visualization was easier (n = 12, 54.5%)) than the
table (n = 4, 18.1%) (Figure 4.3). However, some participants stated that the table and visualization
formats had both advantages and disadvantages. For example, participants reported that the visualization
feature that enabled sorting the LHDs by similar-sized areas was very useful and that it made it easier to
compare them with LHDs across states, whereas the table was easier to use to determine total spending or
comparing expenditure values of a specific program across all states. There were no apparent differences
in the perceived ease of use for data between the visualization and table displays among public health

agency participants relative to their age, gender, race, education, experience, graph literacy, or numeracy.
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Figure 4.3. Ease of use regarding data display--table versus graph (N=22)
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DISCUSSION

In this study, | explored how data presented via visualization was understood differently
compared to data presented in a more traditional table format. Qualitative analysis of open-ended
questions described comparison relationships that LHD participants found by looking at data in a table
and a visualization format. In this study, public health practitioners found similar types of relationships
through the comparisons they made with both the table and visualization format data, such as comparing
to mean, median, min, or max, comparing by population size categories, or between subcategories. Also,
participants answered that they were “very confident” or “confident” in the comparisons they arrived at
from both the table and visualization formats and no one answered that they were “not confident.”
Participants found that the table was helpful for understanding data, especially for getting exact numbers
of per capita expenditures and ranking values from top to bottom. These findings correspond with
previous research that has found that tables are particularly valuable for making it easy for users to look

up individual values.?®
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This study, however, suggests particular benefits of using visualization in improving the
understanding of public health data among public health practitioners. Public health participants more
frequently expressed ease in finding information when looking at the visualization, especially when they
were asked to compare data across states (comparing across multiple columns) and within agencies of
similar-sized populations. This benefit of data visualization confirms a previous study by Zakkar and
Sedig® that found their study participants were particularly satisfied with the interactive capabilities of
visualizations such as filtering and adjusting displayed information. Also, participants reviewing the
visualization tended to make fewer errors in assessing information than they did when reviewing the
table. These apparent benefits of visualization are supported by literature describing the advantages of
visualization in reducing the cognitive burden of data processing.'23%32 While public health practitioners
typically receive data in traditional table formats in their actual work settings, more than half of our study
participants (13 out of 22) tended to express greater ease of understanding with visualization of data. This
suggests that improving how data are displayed and made available to public health professionals may

improve their ability to make use of data for decision-making.

Interestingly, our qualitative analysis also indicated that, when looking at a data visualization
display, participants seemed more likely to proceed in trying to gather ‘knowledge’ from the data
displayed. They tended to look more deeply into the visualization data for further understanding than they
did with the table, posing questions and speculating about other factors at play. On the data-information-
knowledge-wisdom hierarchy continuum, knowledge is generally built on data and information that is
processed through the individual with experience, opinions, beliefs, and skills allowing for better
decision-making. * Our respondents reviewing the visualization made more mention of the factors they
felt explained differences in the patterns they saw. Visualization, therefore, might be a means of
improving the processing of data or information and could help to generate more meaningful knowledge
that is useful to public health practitioners.

Implications for research and practice
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By analyzing and communicating data through visualization, 3* public health practitioners may be
better able to discover local public health needs and issues, resulting in more informed decision-making
and more effective communication with decision-makers. Future research should examine how data
visualization might influence or facilitate better decision-making and communication with more refined
and tailored data visualization tools. Designing visualizations involves a multi-step process, including
planning, user-task analysis, conceptual design, prototyping, and expert guideline-based evaluation. 3%
This means that involving public health professionals from the beginning of the design process is crucial.
Given challenges in data use (S.Park’s qualitative paper) and in evidence-based decision making in public
health practice such as inconsistent information systems, limited financial and organization resources, and
political inflexibility, 373 understanding the specific needs of public health professionals and
considering other factors that might affect their use of data and visualization in decision making should be

considered. ¥

A survey study regarding public health workforce interests and needs by Sellers, et al.** found
that ‘gathering reliable information to answer questions’ and ‘communicating ideas and information in a
way that different audiences can understand’ or ‘communicating in a way that persuades others to act’ are
perceived as important workforce competencies. Yet, it was also found that public health employees from
state health agencies were unable to perform these skills or were only able to do so at the level of a
beginner.*° Training is, thus, needed for public health leaders in how to create and use data visualization
and data assessment tools in their daily work, including generating additional knowledge about their

workflow and current data needs and data uses.
Limitations

This study had limitations. The sample size of this study was small (n=22). As such it was
difficult to find statistically significant differences between the table and visualization formats in terms of

how public health practitioners understood the data. In designing the visualization for this study, the
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visualization tool used was not rigorously evaluated through usability testing by actual users, since the
focus of this study was not evaluating the tool itself. | did, however, incorporate visualization design
principles from previous literature,?®142 and the findings correspond with other visualization research,

suggesting that such tools can increase ease of understanding and reduce the number of user errors.*?
CONCLUSIONS

This study highlights how public health practitioners understand data differently when data are
presented in a visualization display compared to table format data. Even though participants in this study
showed similar types of comparisons when they used table and visualization formats, the findings suggest
that data visualization has benefits for using data. These include ease in using data visualization to find
information from data, reduction of errors in assessing information, and improvement in participants’
processing of data such that they generate more meaningful knowledge. Data visualizations could be
particularly useful in improving the understanding of data among local public health leaders, and in filling
an important gap in understanding how to improve their use of data and data visualization in their practice

and decision-making.
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CHAPTER 5. CONCLUSION

SUMMARY

Throughout my Ph.D. dissertation research, | explored what can be learned from the
literature through systematic review and from interviews with public health professionals, as a
means to informing improvements in decision-making among public health professionals by

developing an understanding and use of data through data visualization.

In my first paper (Chapter 2), | provided a systematic review exploring the literature that
examines how visualization can impact decision-making for general populations. Fourteen
papers were included in the final review. Even though the evidence is limited due to a deficit of
theoretical and methodological strength, the studies suggested that interventions that include data
visualization have a positive impact on cognitive and behavior change such as decision-making,
attitude, motivation or perception. The evidence from this review demonstrates the benefits of

data visualization and shows promise for its application to public health.

In my second paper (Chapter 3), | explored how public health professionals use data,
information, and evidence for their practice, especially for their decision-making, and their
current use of and preferences for data visualization. | found that public health leaders use data,
information, and evidence from various resources daily for communication with co-workers,
stakeholders, and the public and for decision-making regarding their programs and services in
various settings. | also found that the public health professionals interviewed have a high level of
interest in applying visualization skills or tools in their public health practice as well as
preference regarding the features or types of data visualization that they want to have. For

example, they preferred simple, easily understandable and appealing data visualizations that help
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communication with stakeholders and policymakers. However, they face systematic challenges

that discourage adequate data, information, and evidence use.

In my third paper (Chapter 4), | examined how data presented to public health
professionals via visualization was understood differently compared to data presented in a more
traditional table format. Qualitative analysis of open-ended questions described comparison
relationships that LHD participants found by looking at data in a table and a visualization format.
Even with the small sample participating in this study, | found that there are apparent benefits to
using data visualization such as making finding information from data easier and reducing errors
in tracking data. This paper focused on how data visualization improves the “making sense of
data” step — a step followed by decision-making processes, analyzing and summarizing data,

translating data into information, and then synthesizing the information into knowledge.
Implications for Future Practice and Research

This dissertation suggests that public health professionals can gain various benefits from
using data visualization. Prior literature suggests that data visualization improves decision-
making by improving understanding, analysis, and interpretation of data.*®2%2° Similarly, this
dissertation described how public health professionals may be better able to discover and
understand local public health needs and issues, resulting in more informed decision-making.
Data visualization can also be used to communicate better between agencies, within an agency,
and with stakeholders, policy-makers, or with the public at large. Through the use of
visualization, public health professionals may be able to make more effective communication
tools for use with policymakers when advocating for funding, programs, and services. This

potential benefit of data visualization could help public health leaders overcome political and
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systematic challenges that can hamper evidence-based decision-making. These findings also
support the PHAST Model and related research upon which this dissertation was, in part, built.
In the PHAST Model, efforts to make data more accessible such as data visualization can
facilitate the use of data for public health practitioners by helping them to discover public health

needs.!8

There are, however, several existing challenges and barriers that undermine public health
professionals’ use of data and data visualization in their decision-making, even though public
health professionals have a desire to use more data and are aware of the importance of data use
and the particular benefits of data visualization. Major challenges include political and policy-
related influences on decision-making, inadequate funding for information systems, inadequate
staff with relevant skills and knowledge, and insufficient or old data. Given these challenges,
understanding the specific needs of public health professionals and considering other factors that
might affect their use of data and visualization in decision-making should be considered. Such
considerations could include the engagement of public health professionals in advancing public
health information systems, developing data visualization tools from the beginning of the design

process, or applying new technology (e.g., Informatics, Big data).

Future research should also examine how data visualization influences or facilitates better
decision-making and communication using more refined and tailored data visualization tools.
Involving public health professionals from the beginning of the design process is crucial because
data visualization can be designed in the context of how the tool is used—in this case, public
health task performance. Finally, as described in the PHAST Model, training is needed for public

health leaders in how to create and use data visualization and data assessment tools in their daily
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work, including generating additional knowledge of their workflow and current data needs and

data uses.

In conclusion, this dissertation presents the current evidence regarding data visualization
and its applications for public health professionals. This work suggests that data visualization
could be an effective approach for improving decision-making and communication among public

health professionals.
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APPENDIX

Appendix A. Literature Search Strategy

Literature searches started by breaking down the research question and conducting
scoping searches on the PubMed database to identify search terms according to PICOS

(Population, Interventions, Comparisons, Outcomes, and Study Design).

= Research question: Data visualization as a behavioral intervention for policy-related

behavior changes in state and local public health
= Population(s)/Patient(s): public health leaders

= |ntervention(s)/Treatment(s): data visualization

= Comparator(s): table form of result

= Qutcome(s): policy related behavior change

= Study Design: Any study design

= Setting: community and public health system, or state and local health department

Next, using the developed search strategies, searches were conducted on PubMed,
CINAHL Plus with full text, Web of Science, IEEE Xplore, PAIS international, and Academic
Search Complete and retrieved primary studies. The publication period ranged from 2008 to
2018. Foreign language papers were excluded. Two hundred fifty-five articles from PubMed, 48
articles from CINAHL Plus with full text, 131 articles from Web of Science, 244 articles from
IEEE Xplore, 35 articles from PAIS international, and 73 articles from Academic Search
Complete were found. Three additional articles were identified by reviewing reference lists of
highly relevant articles. Overall a total of 786 articles were found (19 including duplicates).

Concept tables were constructed as | proceeded with the search on the databases.
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Concept Table

PUBMED Concept: VDQI/data visualization Concept: policy-related behavior Concept: public health
Mesh Terms Visual display of quantitative information | Health planning Public health
Data visualization Health Planning Organizations Community health
Information visualization Decision-making Public Policy
Decision Making, Organizational Health policy/subheading
Policy Making Administrative personnel
Decision Support Techniques
Behavior
Information Seeking Behavior/subheading
Attitude
Attitude to Computers/subheading
Comprehension
CINAHL Plus Concept: VDQI/data visualization Concept: policy-related behavior

CINAHL headings

Visual display of quantitative
information

Data visualization
Information visualization

Health and Welfare Planning

Health Services Needs and Demand

Marketing

National Health Programs

State Health Plans

Strategic Planning

Decision making, organizational

Explode Decision Support Techniques

Explode Problem Solving

Health Service Administration

Information management

Explode Knowledge Management

Nursing Administration

Organizational Policies

Planning Techniques

Explode Resource Allocation
Shared Governance/subheading

Policy Making

Public Policy

Behavior

Attitude

understanding
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Web of Science

Concept: VDQIl/data visualization

Concept: policy-related behavior

Concept: public health

Visual display of quantitative information
Data visualization
Information visualization

Health planning
Decision-making
Policy Making
Decision Support
Behavior
Attitude
Comprehension

Public health
Community health
Public Policy
Administrative

PAIS international

Concept: VDQI/data visualization

Concept: policy-related behavior

Visual display of quantitative information
Data visualization
Information visualization

Health planning
Decision making
Policy Making
Decision Support
Behavior
Attitude
Comprehension
Understanding

Academic Search
Complete

Concept: VDQIl/data visualization

Concept: policy-related behavior

Visual display of quantitative information
Data visualization
Information visualization

Health planning
Decision making
Policy Making
Decision Support
Behavior
Attitude
Comprehension
Understanding

IEEE Xplore

Concept: VDQIl/data visualization

Concept: policy-related behavior

Visual display of quantitative information
Data visualization
Information visualization

Health planning
Decision making
Policy Making
Decision Support
Behavior
Attitude
Comprehension
Understanding
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Search strategies and retried articles

PubMed

No.

Search

Query

Record

15

filter

Publication dates: 10 years
Species: Humans
Languages: English

255

14

#11 and #12 and
#13

(((((((((("Health Planning"[Mesh] OR "Health Planning
Organizations"[Mesh]) OR "Decision Making"[Mesh:noexp]) OR
"Decision Making, Organizational"[Mesh]) OR "Policy
Making"[Mesh]) OR "Decision Support Techniques"[Mesh]) OR
"Behavior*[Mesh:noexp]) OR "Information Seeking
Behavior"[Mesh]) OR "Attitude"[Mesh:noexp]) OR "Attitude to
Computers"[Mesh]) OR "Comprehension"[Mesh]) AND
((("Eurograph IEEE VGTC Symp Vis"[Journal] OR ("data"[All
Fields] AND "visualization"[All Fields]) OR "data visualization"[All
Fields]) OR ("Inf Vis"[Journal] OR (“information"[All Fields] AND
"visualization"[All Fields]) OR "information visualization"[All
Fields])) OR (visual[All Fields] AND display[All Fields] AND
quantitative[All Fields] AND information[All Fields])) AND
((((*Public Health"[Mesh] OR "Community Health Services"[Mesh])
OR "Public Policy"[Mesh]) OR "Health Policy"[Mesh]) OR
"Administrative Personnel"[Mesh]) Search ((((((((((((("Health
Planning"[Mesh]) OR "Health Planning Organizations"[Mesh]) OR
"Decision Making"[Mesh:NoExp]) OR "Decision Making,
Organizational[Mesh]) OR "Policy Making"[Mesh]) OR "Decision
Support Techniques"[Mesh]) OR "Behavior"[Mesh:NoExp]) OR
"Information Seeking Behavior*[Mesh]) OR
"Attitude"[Mesh:NoExp])) OR "Attitude to Computers”[Mesh]) OR
"Comprehension"[Mesh])) AND (((data visualization) OR
information visualization) OR visual display of quantitative
information)) AND ((((("Public Health"[Mesh]) OR "Community
Health Services"[Mesh]) OR "Public Policy"[Mesh]) OR "Health
Policy"[Mesh]) OR "Administrative Personnel"[Mesh])

554

13

#13

Search (((("Public Health"[Mesh]) OR "Community Health
Services"[Mesh]) OR "Public Policy"[Mesh]) OR "Health
Policy"[Mesh]) OR "Administrative Personnel"[Mesh]

7476403

12

#12

Search ((data visualization) OR information visualization) OR visual
display of quantitative information

25357

11

#1LOR#2OR #
30OR#4 OR#5
OR #6 OR #7
OR#8 OR #9
OR #10

Search (((((((((("Health Planning"[Mesh]) OR "Health Planning
Organizations"[Mesh]) OR "Decision Making"[Mesh:NoExp]) OR
"Decision Making, Organizational“[Mesh]) OR "Policy
Making"[Mesh]) OR "Decision Support Techniques"[Mesh]) OR
"Behavior"[Mesh:NoExp]) OR "Information Seeking
Behavior'[Mesh]) OR "Attitude"[Mesh:NoExp])) OR "Attitude to
Computers"[Mesh]) OR "Comprehension"[Mesh]

587651

#10

Search "Health Planning Organizations"[Mesh]

4644

#9

Search "Comprehension"[Mesh]

12761

#8

Search ("Attitude"[Mesh:NoExp]) OR "Attitude to
Computers"[Mesh] Schema: syn

49622

#7

Search "Information Seeking Behavior"[Mesh]

1904

#6

Search "Behavior"[Mesh:NoExp]

28651

#5

Search "Decision Support Techniques"[Mesh]

72675
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4 #4 Search "Policy Making"[Mesh] 24120
3 #3 Search "Decision Making"[Mesh:NoEXp] 86760
2 #2 Search "Decision Making, Organizational"[Mesh] 10989
1 #1 Search "Health Planning"[Mesh] 328428
CINAHL Plus
No. | Search Query Record
10 #10 filter added: English last 10 years 48
9 #7 AND #8 | (#1 OR #2 OR #3 OR #4 OR #5 OR #6) AND (#7 AND #8) 50
8 #8 #1 OR #2 OR #3 OR #4 OR #5 OR #6 297,546
7 #7 data visualization OR information visualization OR visual display of 224
quantitative information
6 #6 understanding
5 #5 (MM "Behavior") OR (MM "Attitude")
4 #4 (MM "Public Policy+") OR (MM "Policy Making") 148,330
3 #3 (MM "Organizational Policies") OR (MM "Information Management™) OR | 17,739
(MM "Knowledge Management+") OR (MM "Nursing Administration+")
OR (MM "Resource Allocation+") OR (MM "Shared Governance+") OR
(MM "Planning Techniques+")
2 #2 (MM "Health Services Needs and Demand+") OR (MM "Marketing") OR 53,775
(MM "National Health Programs™) OR (MH "State Health Plans™) OR (MM
"Strategic Planning+") OR (MM "Health and Welfare Planning™)
1 #1 (MM "Decision Making, Organizational™) OR (MM "Decision Support 27,539
Technigues+") OR (MM "Problem Solving+")
Web of Science
No. | Search Query Record
4 #1 AND #3 AND #2 AND #1 131
#2 AND Indexes=SCI-EXPANDED, SSCI, A&HCI, ESCI Timespan=Last 5 years
#3
3 #3 (TS=(health planning) OR TS=(decision making) OR TS=(policy making) OR 102085
TS=(decision support) OR TS=(behavior) OR TS=(attitude) OR 8
TS=(comoprehension) OR TS= (policy related behavior)) AND LANGUAGE:
(English) AND DOCUMENT TYPES: (Article)
Indexes=SCI-EXPANDED, SSCI, A&HCI, ESCI Timespan=Last 5 years
2 #2 (TS=(public health) OR TS= (community health) OR TS=(public policy) OR 178631
TS=(administrator)) AND LANGUAGE: (English) AND DOCUMENT TYPES:
(Article)
Indexes=SCI-EXPANDED, SSCI, A&HCI, ESCI Timespan=Last 5 years
1 #1 (TS=(data visualization) OR TS=(information visualization) OR TS=(Visual 17576
display of quantitative information)) AND LANGUAGE: (English) AND
DOCUMENT TYPES: (Article)
Indexes=SCI-EXPANDED, SSCI, A&HCI, ESCI Timespan=Last 5 years
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http://apps.webofknowledge.com/summary.do?product=UA&doc=1&qid=18&SID=2FbVemcjLTsgbGxciTx&search_mode=CombineSearches&update_back2search_link_param=yes

PAIS international

No. Search Query Record
4 #4 Limited by: year: 2008; 2009; 2010; 2011; 2012; 2013; 2014; 2015; | 35
2016; 2017; 2018;
Document type: Atrticle
3 #3 #1 AND #2 41
2 #2 (Health planning) OR (Decision making) OR (Policy Making) OR 101580
(Decision Support) OR Behavior OR Attitude OR Comprehension
OR Understanding
1 #1 (data visualization) OR (information visualization) OR (visual 119
display of quantitative information)
Academic Search Complete
No. | Search Query Record
3 #1 AND (Health planning OR Decision making OR Policy Making OR Decision Support 73
#2 OR Behavior OR Attitude OR Comprehension OR Understanding) AND (#1
AND #2)
Limiters - Published Date: 2005-2015, English
2 #2 Health planning OR Decision making OR Policy Making OR Decision Support 2757392
OR Behavior OR Attitude OR Comprehension OR Understanding
1 #1 data visualization OR information visualization OR visual display of quantitative | 5266
information
IEEE Xplore
No. | Sear | Query Record
ch
1 #1 Filter: 2008-2018 Index term: data visualization 244

((data visualization OR information visualization OR visual display of quantitative
information) AND (Health planning OR Decision making OR Policy Making OR
Decision Support OR Behavior OR Attitude OR Comprehension OR Understanding)
AND (Public Health OR Health))
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http://search.proquest.com.offcampus.lib.washington.edu/recentsearches.recentsearchtabview.recentsearchesgridview.scrolledrecentsearchlist.checkdbssearchlink:rerunsearch/59DDF5E19ADB4F87PQ/None?site=pais&t:ac=RecentSearches
http://search.proquest.com.offcampus.lib.washington.edu/recentsearches.recentsearchtabview.recentsearchesgridview.scrolledrecentsearchlist.checkdbssearchlink:rerunsearch/59DDF5E19ADB4F87PQ/None?site=pais&t:ac=RecentSearches
http://search.proquest.com.offcampus.lib.washington.edu/recentsearches.recentsearchtabview.recentsearchesgridview.scrolledrecentsearchlist.checkdbssearchlink:rerunsearch/59DDF5E19ADB4F87PQ/None?site=pais&t:ac=RecentSearches
http://search.proquest.com.offcampus.lib.washington.edu/recentsearches.recentsearchtabview.recentsearchesgridview.scrolledrecentsearchlist.checkdbssearchlink:rerunsearch/39034DA9B48D4BE0PQ/None?site=pais&t:ac=RecentSearches
http://search.proquest.com.offcampus.lib.washington.edu/recentsearches.recentsearchtabview.recentsearchesgridview.scrolledrecentsearchlist.checkdbssearchlink:rerunsearch/39034DA9B48D4BE0PQ/None?site=pais&t:ac=RecentSearches

Appendix B.

Email inviting potential subjects to participate in this research study

Dear

The Public Health Activities and Services Tracking (PHAST) Project at the University of
Washington would like to invite you to participate in a study examining data use and needs for
public health practice. This study is part of a grant from the Robert Wood Johnson Foundation
to facilitate state and local health systems’ use of relevant, standardized data. These data allow
comparisons at the local level that would not otherwise be possible, to identify and address
variation in the delivery of public health services.

Your perspective and insights can help PHAST understand local public health data use and
needs. If you choose to participate, PHAST study staff will arrange a phone interview during
which you will be asked questions about the use of and need for data in your public health
practice setting. The questions focus on how data fits into your workflow processes, how data
are used for decision making, and what challenges your agency faces that could be solved with
access to the relevant data. The interview will be between 30 and 60 minutes depending on
your responses. An audio recording of the interview will be made to ensure no details from
your responses are lost.

If you would like to participate or would like to learn more about the interviews and the work
PHAST is doing, please contact XXX: XXXXX@uw.edu.
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Appendix C.

State/Local Health Department Leader Interviews: Questions on Data Use

Key Informant Interviewee Date
Interviewer(s) Phone Number
Opening Script —

Welcome/Introduction:

My name is and | am [role with the PHAST project]. Thank you again for responding to the
email invitation and for taking the time to have this conversation. With these interviews, we are trying
to understand how people use data, what they need, and how they hope to use data. We want to find
out about the value of standardized data depicting public health services and activities at the local level.
The aim of this research is to make data accessible and useful for practitioners based on their actual
experience.

PHAST is developing a system for putting data into action. We are working with public health partners
nationwide to learn about how data are used, and what those partners’ needs are. As more states adopt
the uniform set of measures to satisfy data needs, public health practitioners working at the local level
will gain access to a greater wealth of relevant information to inform their work.

Today’s interview should take at most 45 minutes. Is that still going to work for you? (Y/N) As a
reminder, the interview will be recorded. This is only to make it easier for us to transcribe your
responses and to ensure we heard you accurately. After transcription, the recording will be erased. Do
you have your permission to record this interview? (Y/N) Okay, we’'ll go ahead and start recording.

Q# QUESTION RESPONSE

We're going to start with some questions about how you work and make decisions, and how you
might use data to shape those decisions.

1 Broadly tell us about your agency or your unit within a larger agency, and the
kind of work you do that involves decision making.

Probe: For example, can you walk us through a typical example of decision
making?

Or, can you describe a recent situation in which you needed to make a decision
about public health activities?

2 Do you use data or information (such as internal or external data, tables,
charts, medical records, texts, reports, scientific journal, etc.) when you make
decisions?
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Now we will ask you for some details to follow up on how you use data in decision making or why
you don’t use data in decision making.

3a | If yes, please tell us more details. What type of data and information you use
when you make decisions? How do you use data and information for your
decision making?

Probe: Do you have data or information that you check yearly (or regularly) to
see trends?

If so, which data or information? How did you choose sources of those? What
do you look for from the data? (e.g. trends or comparison?)

Probe: How does knowing this data and information influence your decision
making about programs and services?

Probe: How relevant to your jurisdiction is the data that you have access to?

or If not, why don’t you use data to influence your decisions?

3b
Probe: How could you use data to influence your decisions?

Probe: How relevant to your jurisdiction is the data that you have access to,
but are not using?

Now we’re going to ask some questions about data you’d like to have and about challenges data
could solve for you.

4 | What types of data or information do you need that either you don’t currently
have, or you’ve found the data are incomplete?

Probe: Do you have an example of a situation in which you have data, but you
need more details and information than that data currently offers?

Probe: What are some challenges to getting the data you need? (e.g. lack of
technical expertise, lack of staff to use it, hard to find right data,
administrative, etc.) If you have workarounds to those challenges, what are
they? Ideally how would accessing data look if you didn’t have to do the
workaround?

5 Can you tell us about a time when you were unable to access data or it was
missing, which created a challenge when addressing a public health concern,
or led to a missed opportunity for your agency?

6 If you had information about what programs LHDs around the state or the
country are working on, would that be useful to you, and why or why not?
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How could standardized data (which allows you to compare an LHD to similar
LHDs across states) influence or support any efforts you are engaged in or
planning toward accreditation, community health assessment, or quality
improvement?

Thinking only of visual elements, what makes for good and useful data
visualization, to you in your work?

Probe: Can you describe a data visualization tool that has been useful and
what about it was useful to you?

Probe: Examples of data visualization elements include bar graphs, time
trends, interactive displays, maps, infographics, tables, etc. It could also be
how a site is designed or some other visual component.

Is there anything else you’d like to share about the work you do that will help
us understand your use of data?

10

Do you have any suggestions for how we could improve our questions or the
interview process?
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