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ABSTRACT

Since the wide adoption of electronic health records, the amount of clinical data has
increased dramatically. It has been estimated that in 2013 there was a total of 153
exabytes of clinical data, and by 2020 this number will increase to 2 314 worldwide.
Another estimate has calculated that the average patient generates 80 megabytes of
data per year. Clinicians rely on clinical data to make informed decisions at the
point of care. However, the volume and complexity of clinical data along with time
constraints, make the diagnosis process challenging, time-consuming and prone to
errors. It has been estimated that the number of deaths due to clinical misdiagnosed
are between 44 000 and 98 000 per year in the United States. By using computerized
data visualization techniques, clinicians can extract valuable insights, reducing cog-
nitive overload. Consistent and structured methodologies that assess clinical data
visualizations and their effect on the decision making process, are still missing. The
gap that the thesis aims to bridge is to develop a methodology that allows the assess-
ment of clinical data visualizations in terms of their efficacy in supporting clinical
decision making. The purpose of this thesis is to develop such methodology, which
studies the reasoning derived from the visualization and how this affects the clinical
decision making process at an individual level. The first experiment compared five
different visualization techniques. The study measured the quantity and quality of
insights obtained by the users of the visualizations. This assessment technique has
not been used before in the context of clinical data. By evaluating the visualizations
in this way, it was objectively determined that from the visualization techniques used
in the study, the radar plots were the most effective in enabling the generation of
hypotheses and in acquiring accurate understanding of the data. The second experi-
ment studied a dashboard representing the evolution of health and wellness of a mod-
elled patient. The dashboard included an improved version of the radar plots used
in the previous study. By using methods such as heuristics, cognitive walk-through,
analytic tasks, and usability questionnaires, it was objectively determined that the
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dashboard was effective in assisting users to find critical information and gain accu-
rate understanding of the clinical data. The study was able to quantify and demon-
strate the degree to which the dashboard proved useful for its intended audience by
scoring an average of 6.02 out of 7 points in the usability studies and a completion
rate of analytical tasks of 96 percent. The third and last experiment compared an ex-
isting tabular interface for clinical data against an interactive visualized timeline. The
methodology used in this study was the same as in the first experiment. However,
the chronological and longitudinal nature of the clinical data required adaptations to
the methodology. The use of this methodology to evaluate longitudinal data visual-
izations has not been reported in previous studies. By applying this novel approach,
it was objectively determined that the timeline enabled clinicians to deduce the un-
derlying conditions of the patients, reflecting a deep understanding of the data by
connecting information scattered over a period of time. These three assessments fol-
lowed state-of-the-art methodologies in the discipline of data visualization that have
not been used before for the purpose of clinical decision making. The objectives of
the thesis were met by applying novel assessment techniques. By applying quanti-
tative and qualitative research, it was possible to compare visualizations in a clinical
context and provided better understanding on what makes a good visualization. The
publications in this dissertation document experiments conducted to study the rea-
soning derived from the visualization and how this affects the clinical decision mak-
ing process at an individual level. By utilizing consistent methodologies such as the
insight-based, usability testing and cognitive walkthrough, different visualizations
were objectively compared and assessed. These documented experiments can serve
as blueprints for future studies. With a deeper understanding on the impact of visu-
alization tools in the clinical decision making process, researchers can develop better
visualizations to ease the cognitive burden of making sense of complex data. With
better visualizations, clinicians can gain deeper understanding of the data, making
better decisions, resulting in better patient outcome.
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1 INTRODUCTION

The amount of clinical data is expected to continue its growth. One estimation
projects that clinical data will grow from 153 exabytes in 2013 to 2 314 in 2020 world-
wide [1] (one exabyte equals one million terabytes). The chief information officer
from Beth Israel Deaconess Medical Center has calculated that, per year, a total of 20
terabytes clinical data are collected for 250 000 active patients. This means an average
of 80 megabytes of data per patient per year [2].

It has been estimated that medical consultations last from “48 seconds in Bangladesh
to 22.5 minutes in Sweden”, while in Finland the average is 17 minutes [3]. The large
volume of complex clinical data along with time constraints may overwhelm health
practitioners. Failure to acquire adequate understanding of clinical data may increase
the risk of misdiagnosis. Estimates on the number of deaths due to clinical misdiag-
nosis are between 44 000 and 98 000 per year in the United States [4]. About 30%
of the annual healthcare spending ($750 billion) has been reported to be lost due to
misdiagnosis [5].

Access to clinical information and the ability to gain knowledge based on clini-
cal data are crucial factors in providing better patient care [6]. Clinical data persist
across multiple platforms [7] in a wide variety of formats, posing a challenge for
health practitioners [8, 9]. Rind and colleagues stated in their study that “infor-
mation visualization has the potential” to “provide cognitive support to healthcare
providers, patients, and families” based on clinical data [10].

Electronic health records (EHRs) are the purest type of electronic clinical data
obtained at the point of care [12]. EHRs are representations of longitudinal data col-
lected “during routine delivery of health care” [13, 14]. Recently, EHRs have been
studied beyond their initial administrative purpose as mere records of visits to the
healthcare providers. Miotto and colleagues [7] stated that researchers have studied
their secondary use to “enable data-driven prediction of drug effects and interactions
[15], identification of type 2 diabetes subgroups [16], discovery of comorbidity clus-
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Figure 1.1 An example of laboratory bloodwork results for cardiology as redesigned by Goetz [11].
Creative Commons [2015]
https://informationisbeautiful.net/
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Figure 1.2 A flowchart diagram on the process of understanding clinical data and decision making. The
thought-process can feed back into the visualizations stage by interactive data explorations
such as zooming in and filtering out elements in the visualization.

ters in autism spectrum disorders [17], and improvements in recruiting patients for
clinical trials [18]”.

As the amount of clinical data increases, so does the potential value that healthcare
providers can extract from the data. To help clinicians and patients make sense of
the data, innovative techniques are needed. Researchers are trying to find ways to
present complex clinical data in forms that are easier to understand [10, 19].

The goal is to be able to understand heterogeneous, complex, and longitudinal
clinical data with the objective of making more informed decisions at the point of
care, within the limited time available for each patient. Data visualizations aim to
assist the understanding of data [10, 19]. Numerous research efforts have addressed
the need to understand clinical data by designing and building a variety of visualiza-
tions [10, 19]. Several studies have been published detailing the implementation and
design of such visualization tools.

As an example, TimeLine [20] is a software tool that organizes medical records
and provides a “problem-centric temporal visualization”. Lesselroth and Pieczkiewicz
[19] conducted an extensive literature survey on strategies for the visualization of
personal health data. They concluded that “smart dashboards” combining different
data sources are needed to improve the understanding of our health.

Data visualizations that enable the identification of significant connections over
time have been shown to increase the user’s self-understanding [21]. Goetz [11]
prooved that graphical presentation of data greatly affects the understanding of our
health. Figure 1.1 shows an example of the redesign of laboratory test results using
a graphical presentation.

With a greater understanding of the data, clinicians can make better decisions
regarding patient care. Figure 1.2 shows the cycle that comprises the reasoning from
the presentation of clinical data to the decision making process.
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However, this notion leads to an open question: how to establish if a visualiza-
tion is helpful in the decision making process? Assessment methods can measure
the effectiveness of a visualization and the degree to which it can assist the decision
making process.

The majority of studies assume that a visualization technique effectively reduces
the cognitive load required to understand complex data [22, 23]. However, after a
literature survey was conducted (chapter 5), it was revealed that a small number of
articles contain assessments that compare or study the properties of data visualiza-
tions to understand how it helps the intended audience to better understand the data
and thus assist in the clinical decision making process.

The assessments of the visualization tools often focus on usability testing and
computational performance. Usability testing is of the utmost important to deter-
mine the effectiveness of a computerized system that aims to assist professionals in
their daily activities. However, to further study the effectiveness of a clinical data
visualization and its impact on the decision making process, additional assessment
methods are required [22, 23]. It must be therefore understood that the purpose of
a visualization is to assist in the comprehension of the data, then the question fol-
lows: how can visualizations assist the clinician in the decision making process? An
approach that considers visual reasoning is therefore needed[23].

North suggests that ”the purpose of visualization is to gain insights on the data
it represents [24]. This notion provides the answer to the previous question, as it
addresses the user’s understanding of the data. North proposes the use of an “insight-
based methodology”, which focuses on the recognition and quantification of insights
gained from exploring the data visualization [25, 26]. With the knowledge obtained
from these insights, users can then make better informed decisions regarding patient
care. This methodology has been previously applied in visualization tools for genetic
data but not in the context of clinical decision making [25, 26, 27].

A literature survey, detailed on chapter 5 of this dissertation, revealed that method-
ologies that address the visual reasoning of clinical data visualizations and their im-
pact on the clinical decision making process are uncommon. From the published
literature, only two studies focused on the impact of the data visualization on the
clinical decision making process. These studies did not apply a previously tested
methodology such as the insight-based, instead custom made questionnaires were
applied. The purpose of this thesis is to develop such methodology, which studies
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the reasoning derived from the visualization and how this affects the decision making
process at an individual level.

The publications compiled for this dissertation deal with clinical data, as either
EHR or physiological measurements (heterogeneous). The visualizations were eval-
uated with methodologies that focus on visual analysis and reasoning and how this
affects the decision making process at an individual level. The assessment methods
are further explained and analysed in chapter 4.

The visualizations in the studies were instruments to help in the clinical decision
making process. The publications compiled for this dissertation feature custom data
visualization libraries and implementations in JavaScript, designed for the purpose
of representing clinical data.
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2 OBJECTIVES

The gap that the thesis aims to bridge is to develop a methodology that allows the as-
sessment of clinical data visualizations in terms of their efficacy in supporting clinical
decision making. The purpose of this thesis is to develop such methodology, which
studies the reasoning derived from the visualization and how this affects the clinical
decision making process at an individual level.

The specific objectives are:

1. to study and compare how different clinical data visualizations affect visual
reasoning (Publications I — IV).

2. to apply a methodology that studies visual reasoning and the decision making
process in the assessment of clinical data visualizations (Publications I — IV).

3. to develop and objectively measure the scalability and usability of software
that visualizes holistic clinical data (Publications II and III).

4. to study how visualizations affect the decision making process (Publications I
and IV).

5. to apply a methodology that studies visual reasoning and the decision making
process to assess visualization software for clinical data with the participation
of domain experts (Publication IV).

The publications in this thesis applied the experiment research method to study
the reasoning derived from the visualization and its effect in the clinical decision
making process. The research collected data based on the experience of visual rea-
soning in the decision making process (qualitative) and also collected numerical data
for ranking and categorization for statistical analysis (quantitative).
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3 BACKGROUND ON DATA VISUALIZATION

AND CLINICAL DECISION SUPPORT

3.1 Data visualization principles

Otten and colleagues [28] stated that the origins of data visualization can be traced
back to the eighteenth century, when William Playfair developed the first charts to
convey information on historical data [29]. Lesselroth and Pieczkiewicz [19] cited
Friendly [30] in reference to the beginnings of the scientific investigation of data visu-
alization. Coll and researchers [31] conducted the first studies comparing bar graphs
and pie charts to other data representations. Studies shifted from trying to find the
best visualization to trying to identify the most suitable graphical representation in
specific circumstances.

Figure 3.1 Figure adapted from Lesselroth and Pieczkiewicz [19], summarizing the findings of Cleveland
and McGill [32] in their study comparing the speed of graphical perception across different
visualization techniques.

Lesselroth and Pieczkiewicz [19] focused their studies on two aspects: perception
and cognition. Perception is the “low-level acquisition and organization of sensory
information” and cognition is the “higher-level interpretation of this information”.
Cleveland and McGill [32] conducted a study focusing on the speed at which users

25



can perceive and process data based on different representations. These findings were
supported by a study conducted by Carswell [33] on “graph reading and comprehen-
sion”. Figure 3.1 is illustrates Cleveland and McGill’s findings summarized by Les-
selroth and Pieczkiewicz. Cleveland and McGill focused on the speed and accuracy
of “data processing”.

Lesselroth and Pieczkiewicz [19] referred to Carswell’s [33] conclusion to the
studies, stating that the appropriate visualization is highly dependent on context.
The researchers referred to studies on decision theory, demonstrating that users re-
lied on visualizations that “minimized the cognitive burden” [34], and these visual-
izations varied depending on the context [35, 36, 37].

Visualization task Suggested modality

Value extraction Numeric tables

Value comparison Bar charts, line graphs, scattered plots

Proportions Pie charts, stacked bar charts

Trend detection Line graphs

Table 3.1 Suggested modality by visualization task as summarized by Lesselroth and Pieczkiewicz [19].

Attempts have been made to compile “best practices” regarding data visualiza-
tion. Otten and colleagues [28] referred to Tufte’s work [38, 39, 40] on “best prac-
tices for communicating quantitative and qualitative information”. Lesselroth and
Pieczkiewicz concluded that ultimately, there is no “grand unified theory”, as it is
highly dependent on context. They identified “suggested modalities” after review-
ing articles by Kosslyn [41], Tufte [38], Few [42, 43], Schriger and Cooper [44],
Gillian et al. [45], Robbins [46] and Cleveland and McGill [47]. Table 3.1 shows
their summarized findings [19].

3.2 Clinical decision support systems

In the context of healthcare, clinicians need to gather large clinical data sets with the
goal of decreasing uncertainty, patient “risks and costs”. The process of “deciding
what information to gather, which tests to order, how to interpret and integrate
this information to draw diagnostic conclusions, and which treatments to give is
known as clinical decision making” [48]. Typically, clinicians attempt to answer the
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following questions: “What disease does this patient have? Should this patient be
treated? Should testing be done?”

In some cases, clinicians make decisions based on their own experience. Com-
mon practice involves recognizing patterns in a disease and following a trial and er-
ror approach for patient treatment. For instance, if there is an on-going epidemic of
a certain disease, and a patient presents the symptoms of that disease, the clinician
might just prescribe the recommended treatment for that disease. However, these
practices are prone to mistakes because other diseases might exhibit similar symp-
toms and might have been misdiagnosed [48].

Figure 3.2 Illustration showing a diagram of data acquisition as EHR entries. The patient is the source of
multiple data sources. The analysed data can then be used to assist clinicians in the decision
making process. The figure is a visual representation of the ideas presented by Miotto and
colleagues [7]

A methodical approach is preferred when following the condition of a patient be-
fore attempting to make a decision. For example, this means following the practices
of “evidence-based medicine, use of clinical guidelines, and use of various specific
quantitative techniques (e.g., Bayes theorem)” [48].

Typically, a large portion of the information that a clinician requires in the deci-
sion making process resides in the EHR. An EHR is “a mechanism for integrating
health care information currently collected in both paper and electronic medical
records (EMR) for the purpose of improving quality of care” [49]. Figure 3.2 shows
the patient as the source of information for multiple data-driven activities, as pro-
posed by . Miotto and researchers [7]. As an example, the figure shows how EHRs
comprising of medical prescriptions, reports and tests can then be stored in databases
for later use in machine learning and data mining. The discovered knowledge can
then be utilized by information systems for the purpose of assisting healthcare pro-
fessionals in the decision making process. As an example, the figure shows treatment
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recommendation and diagnostics systems, as well as point-of-care and clinical statis-
tics tools. The literature review conducted in chapter 5 of this thesis details additional
cases in which the clinical data served as the basis for the decision support process.

3.3 Data visualization in clinical decision support systems

Shneiderman and researchers have stated that interactive information visualization
“will bring profound changes to personal health programs, clinical healthcare de-
livery, and public health policy making” [50]. They cite the work of Rind and re-
searchers [10] as examples of the importance of data visualization.

Rind and researchers conducted a literature survey of clinical data visualizations,
in their work they reviewed examples that illustrate the application of visualization
techniques in clinical decision making process. These examples are: LifeLines [51],
MIVA [52], WBIVS [53], Midgaard [54], VisuExplore [55], VIE-VISU [56], Life-
Lines2 [57, 58], Similan [59], PatternFinder [60], VISITORS [61], Caregiver [62],
IPBC [63], Gravi++ [64] and TimeRider [65].

Lesselroth and colleagues have stated that data visualization techniques can signif-
icantly improve the quality of health care [19]. They have also provided examples
of clinical data visualization tools, these examples are: a glycemic control monitor-
ing software named Glucotron 5000 [66], an interactive graphical modality [53] for
home monitoring of lung transplant patients [53] and the TimeLine software that
represents longitudinal data for diagnosis and therapy [20].

The potential and realization of data visualization in supporting the clinical de-
cision making process is described in further detail in chapter 5 of this thesis. The
chapter presents ample evidence of the effects of visualization techniques and how
they can assist the intended audience in the process of making sense of information
in a clinical setting.

3.4 Data visualization in commercial solutions for health

and wellness

Data visualization plays a key role in commercial solutions for self-monitoring de-
vices that aim at collecting personal data for health and wellness. One example is
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Figure 3.3 An illustration of the Firstbeat Lifestyle Assessment showing the plots that illustrate the day
distribution on activity, recovery and stress [67], Firstbeat Technologies Oy ® [2020]
https://perma.cc/7DVW-LEPX

the dashboard for stress recovery developed by the company Firstbeat [67]. The
dashboard shows the stress and recovery balance using radar plots to illustrate the
completion of the recovery cycle. The stress and recovery analysis is also plotted
using colour-coded bar charts to give an overall picture of the cycles during the day.
Figure 3.3 shows an example of the Firstbeat Lifestyle Assessment®.

Withings is another company with a wide-range of health and wellness tracking
products. To present the data to its users, the company employs several visualiza-
tion dashboards. For instance, the Pulse HR® product utilizes an application in the
mobile phone to display graphs on the activity of the user such as a step counter and
sleep monitoring [68].

The company Oura Cloud also uses a combination of linear and bar plots to show
the data collected by ring sensors. The dashboard is a longitudinal visualization of
the collected data using an interactive timeline [69].

Similar to Withings, Fitbit offers an alternative for step counting, tracking and
sleep assessment. The Fitbit App [70] also offers a dashboard that aggregates the data
using visualization dashboards. The dashboard uses mostly bar charts and longitudi-
nal graphs to summarize the data in different categories. Additionally, an overview
dashboard is offered via the desktop version of the application [71]. This dashboard
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Figure 3.4 The integrated desktop dashboard offered by Fitbit showing and overall view of the collected
data from several categories summarized with different visualization techniques [70] Fitbit,
Inc.® [2020]
https://www.fitbit.com/de/app

aggregates data from all categories collected by the tracking device into one view.
Figure 3.4 demonstrated the integrated desktop dashboard offered by Fitbit.
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4 ASSESSMENT METHODS FOR DATA

VISUALIZATION

4.1 Evaluation scenarios

Lam and researchers conducted an extensive literature review on evaluations of data
visualizations [23]. They have proposed seven scenarios that address specific assess-
ment objectives. Researchers are advised to choose from these scenarios the assess-
ment methods to perform depending on the research objectives.

The evaluations listed in the review are independent from the application con-
text, therefore they are not exclusive to clinical data. However, these scenarios still
provide valuable guidelines on how to approach the assessment process of data visu-
alizations.

The evaluations are classified into seven categories or “scenarios” depending on
the aim of the study. Table 4.1 summarizes the objectives that the evaluation scenar-
ios aim to accomplish.

4.1.1 Evaluation and assessment

Evaluation as defined by the Cambridge dictionary is “the process of judging or cal-
culating the quality, importance, amount, or value of something”. Assessment is
defined as “the act of judging or deciding the amount, value, quality, or importance
of something, or the judgment or decision that is made”. Assessment is thus suitable
to the objective of studying the impact of visualization in the clinical decision mak-
ing process, since it is an exercise in judgement to take a clinical decision. The seven
scenarios developed by Lam et al. are a classification of different evaluation methods
not assessments. However, some of these scenarios study the decision making pro-
cess, analytical operation and cognition involved in this process. To this extent, the
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Scenario Object of study Evaluation

Understanding environ-
ments and work practices
(UWP)

People’s workflow
Workflow practices

Field observations
Interviews

Evaluating visual data anal-
ysis and reasoning (VDAR)

Data analysis
Decision making
Knowledge management
Knowledge discovery

(Multidimensional In-
depth)
Case Studies (insight-based)
Laboratory observations
and interviews
Controlled experiment

Evaluating communica-
tion through visualization
(CTV)

Communication, learning
Teaching, publishing
Casual information acquisi-
tion
Controlled experiments

Field observations and in-
terviews

Evaluating collaborative
data analysis (CDA)

Collaboration Heuristic evaluation
Log analysis
Field or laboratory obser-
vation

Evaluating user perfor-
mance (UP)

Visual-analytical operation
Perception and cognition
Usability/effectiveness

Controlled experiments
Field logs

Evaluating user experience
(UE)

Potential usage
Adoption
Usability/effectiveness

Informal evaluation
Usability test
Field observation

Evaluating visualization al-
gorithms (VA)

Algorithm performance
Algorithm quality

Visualization quality assess-
ment
Algorithmic performance

Table 4.1 The table summarizes the seven scenarios described by Lam and colleagues [23], the objec-
tive of the study, and examples of assessment methods.

scenarios provide methods that are also relevant to the assessment process.

4.1.2 Criteria for the selection of the scenarios

All the scenarios are relevant to the assessment of tools that support the clinical
decision making process. However, to address the research objectives, two scenarios
are directly applicable: Evaluating Visual Data Analysis and Reasoning (VDAR) and
Evaluation of User Performance (UP).

VDAR aims to study the decision making process and knowledge discovery [23].
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A visualization of clinical data requires assessment of how it facilitates knowledge
discovery on a collection of EHRs, and eventually how this affects the clinical deci-
sion making process at an individual level. UP focuses on visual-analytic operations,
perception, cognition and effectiveness of the visualization [23]. Ideally, an effective
visualization of clinical data will reduce the cognitive burden, increase the under-
standing of relevant information and assist in further data analysis. The other sce-
narios described by Lam and colleagues do not address the decision making process
nor the visual-analytical operation.

Evaluating the Communication Through Visualization (CTV) is of the utmost
importance when it comes to collective clinical decision making. Healthcare pro-
fessionals consult with each other on daily basis, and often times involve the patient
in the same process [23]. CTV studies communication, teaching, publishing and
information acquisition. These are relevant and necessary evaluations for computer-
ized clinical systems. However, the focus of this thesis is to develop a methodology
that studies the reasoning derived from the visualization and how this affects the de-
cision making process at an individual level. To study the collaborative analysis, a
different set of tools would be required to conduct experiments involving multiple
participants at a time. Such research and experimentation would provide scientific
contributions in the collaborative data analysis domain. As stated in the objectives,
the gap that the thesis aims to bridge is to develop a methodology that allows the as-
sessment of clinical data visualizations in terms of their efficacy in supporting clinical
decision making at an individual level. As such this thesis does not explore collabo-
ration, communication and information acquisition.

Evaluating the User Experience (UE) is also relevant for decision support sys-
tems in the clinical domain. UE evaluation methods study systems that are part of
the workflow of professionals. These evaluation methods address challenges such
as identifying missing features, improving existing ones and prioritizing those that
facilitate the work processes [23]. The studies conducted and published for this dis-
sertation were performed on systems that are not used on the work processes of
healthcare professionals. The visualization tools were developed for the purpose of
experimentation and research. These was done intentionally to investigate the re-
search gap stated in the objectives of this dissertation. UE evaluation methods are
therefore suitable for systems that are used in the daily work of healthcare profession-
als. These methods are thus not suitable to address the research gap of this disserta-
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tion. Nevertheless, it would have been advantageous to conduct studies on systems
that are used on daily basis in a clinical setting and apply UE evaluation methods to
further understand how these systems could improve the daily work of healthcare
professionals.

4.1.3 Evaluating visual data analysis and reasoning (VDAR)

VDAR evaluations “study if and how a visualization tool supports the generation of
actionable and relevant knowledge in a domain” [23]. In the context of clinical data,
the goal is “to support visual analysis and reasoning about” EHRs. VDAR is also
suitable due to the output it produces when the evaluation is performed, in the form
of “quantifiable metrics”. Depending on the evaluation, these could be insights [25,
26].

Evaluations in the VDAR scenario look at how the visualization “as a whole” as-
sists in the “analytical process”, whereas UP evaluations focus on interactive aspects
of the visualization in “isolation” [23]. These two scenarios complement each other
in the overall assessment of the analytical assistive capabilities of a visualization.

The VDAR evaluation scenario was formulated by Lam and colleagues based on
the intelligence analysis process developed by Pirolli and Card [22, 23]. This model
identifies aspects of data exploration that are studied by VDAR methods. The aspects
are a perfect match to what this dissertation aims to research.

Pirolli and Card formulate the aspects of the intelligence analysis process as the ex-
ploration of data and how it assists the filtering, searching, reading and extraction of
information; discovery of knowledge, schematization of information, and support
for analysis of theories; hypothesis generation and examination; and the decision
making process [22].

A large variety of approaches have been followed when evaluating a visualization
with VDAR. The output of the evaluation tends to be highly specific to the context,
and no standardization has been suggested [23]. Instead, Lam and colleagues have
recommended use case studies. They presented two examples of VDAR: the Multi-
dimensional In-depth Long-term Case (MILC) studies and insight-based evaluations
[23].

In MILC case studies, a long-term study takes place with users. Researchers typ-
ically explain the features and functions of the visualization system. Users are re-
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quired to spend the necessary time to get acquainted with the visualization tool.

In the insight-based evaluations, researchers capture the reasoning process of the
users as insights, which are “individual observation about the data by the partici-
pant, a unit of discovery” [25]. The goals of insight-based evaluations are threefold:
“to deepen understanding of the visual analytics process, to understand how exist-
ing tools were used in analysis, and to test out an evaluation methodology” [23].
Contrary to the approach in MILC evaluations, insight-based evaluation does not
provide users with guidelines or assistance regarding the visualization, to prevent
interfering with the “normal data analysis process”.

4.1.4 Evaluating user performance (UP)

The evaluations of UP compare visualizations by means of task completion time and
accuracy [23]. Lam and researchers describe these assessments as objective studies
on certain aspects of the visualizations [23]. These assessments address what are the
“limits of the human perception” and how “visualization or interaction techniques
compare” to one another [23].

Human perception and cognitive limitations are studied with the objective of
deriving models on the use of space for plotting graphical representations and the use
of interactions that facilitate exploration [23]. Lam and colleagues refer to the work
done by Heer and Robertson, which consisted of a study on how animations can be
used to present statistical data [72]. UP evaluations also aim to measure how users
perform when given different visualization tools by studying the cognitive impact
and the underlying limitations. Lam and researchers have also referred to studies on
the “effects of image transformations”, such as scaling, rotation and fisheye visual
memory [73].

UP evaluations are also used to compare two or more alternatives “head-to-head”
[23]. The comparisons typically take place in a controlled environment and include a
list of tasks the user is requested to perform. Examples include a study to compare file
exploration for investigation using a regular file explorer and a new solution named
SpaceTree [23, 74]. In these evaluations, a use case is provided to simulate a real case
scenario. Researchers typically conduct the experiments in laboratories, where the
participants go through a set of predefined tasks. Measurements such as accuracy
and time to completion are objective metrics used to compare different visualization
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techniques.

4.2 Usability testing

Computerized systems that store, process, and visualize EHRs are subject to usabil-
ity testing. In the context of software engineering, usability is defined in ISO 9241-11
by Bevan and colleagues as “the degree to which software can be used by specified
consumers to achieve quantified objectives with effectiveness, efficiency, and satis-
faction in a quantified context of use” [75].

Johnson and colleagues from Westat developed a toolkit for usability testing of
computerized EHR systems. The work was commissioned by the Agency for Health-
care Research and Quality from the U.S. Department of Health and Human Services
[76]. The researchers identified deficiencies in the usability of existing EHR systems.
The studies reviewed in the toolkit recommend establishing usability tests as part of
the EHR certification process. These studies also recommend the development of
“objective criteria that reflect best practices in EHR usability” [76, 77, 78]. The
toolkit aimed to accomplish three objectives: the development of a usability toolkit
for “primary care providers”, drawing attention to EHR usability issues by “dissem-
inating the toolkit” encouraging “evidence-based usability evaluation methods”, and
informing about the state of EHR usability testing in the accreditation process [76].
The toolkit also contains a comprehensive literature review of published studies on
usability testing of EHRs [76]. The review identified some of the most prevalent us-
ability tests conducted on EHR systems. These usability tests include heuristic eval-
uation, cognitive walkthrough, remote evaluation, laboratory testing and usability
questionnaires [76].

Johnson and researchers have outlined two important aspects in the criteria used
to select the methods included in the toolkit. The first aspect is the efficiency and
convenience of the method. The practical approach is to select methods that are easy
to implement and that measure the required aspects of usability in a prompt manner.
The second aspect is the application of the usability method by primary caregivers
without the need for usability experts. For practical reasons, healthcare professionals
might not always have an available usability expert at hand when providing feedback
on EHR systems. For this reason, healthcare professionals should be able to admin-
ister the usability tests. The usability toolkit report concludes that with the given
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criteria and the opinion of subject experts, the most suitable and practical method
to evaluate EHR systems is the usability questionnaire [76].

The studies compiled in this dissertation include the usability testing methods
recommended by Johnson and colleagues. These methods include heuristic evalu-
ation, cognitive walkthrough, laboratory testing and usability questionnaires. The
next section provides further details about the methods used in these studies.

4.3 Assessment methodologies used in the studies

The aim of this dissertation is to develop such methodology, which studies the rea-
soning derived from the visualization and how this affects the clinical decision mak-
ing process at an individual level. As described in the intelligence analysis process
developed by Pirolli and Card [22, 23], the VDAR evaluation methods study the
discovery of knowledge, schematization of information, and support for analysis of
theories, hypothesis generation and examination as well as the decision making pro-
cess. Therefore, as in previous studies [25, 26, 27], the insight-based methodology
provides greater opportunities to understand this phenomenon. The analysis of the
insights could potentially bring a deeper understanding of how data visualization in-
teracts with the clinical decision making process. As described above, VDAR aims
to study “hypothesis generation” and examination, and the decision making process,
which fits with the objectives of this thesis.

In addition to the insight-based studies, the UP assessments evaluate the interac-
tion features of a visualization and how these affect data analysis and reasoning. The
EHR usability toolkit [76] recommends usability methods that fall in the scenario of
UP evaluations [23]. Publications II and III follow UP evaluations to test a comput-
erized visualization system that supports the clinical decision making process. The
computerized visualization system consisted of a health and wellness dashboard that
visualized clinical data and provided interactive features for data exploration. Lam
and colleagues have recommend that interactive features are to be evaluated using
techniques described in the UP scenario [23]. Following these recommendations in
addition to those from Johsnon and colleagues [76], the evaluation of the computer-
ized visualization system included the heuristic evaluation, cognitive walkthrough,
laboratory testing and usability questionnaires.
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4.3.1 Insight-based methodology

The insight-based methodology proposed by North [24], focuses on the insights
generated by the users of a data visualization. An insight is defined as “the capacity to
gain an accurate and deep understanding” [79]. According to the literature survey of
this dissertation (chapter 5), the most prevalent approach to evaluating clinical data
visualization is to conduct briefing interviews or to utilize UP evaluations, typically
with a set of predefined tasks. By contrast, insight-based methodology focuses on
recognition and quantification of insights gained from exploratory use of the data
visualization. An insight is a unit of discovery based on observation [25, 26, 27].

Insights have a quantifiable value based on the assessment criteria. The criteria
should take into consideration the following characteristics of an insight [24, 25, 26,
27, 80]:

• Observation: The observation or finding provided by the participant during
the process of analysing the data via a representation.

• Time: The amount of time taken to reach the insight.

• Domain Value: The value, importance, or significance of the insight.

• Hypotheses: Some insights enable users to identify a new relevant hypothesis.

• Directed versus Unexpected: Directed insights are those that answer specific
questions. Unexpected insights are those that were not considered in the de-
sign of the study.

• Correctness: Insights can be correct or incorrect depending on the data repre-
sented in the visualization. Some insights are incorrect conclusions that result
from misinterpreting the data visualization. For our study, the insights formu-
lated by the participants need to be clinically valid assessments on the patient’s
condition.

Researchers stipulate two mechanisms to record the insights, the “thinking aloud
process” and the use of a written diary to record the steps taken during the data anal-
ysis [24, 25, 26, 27, 80]. Out of these two methods, the “thinking aloud process”
required less work from the participants of the experiment and thus allowed the par-
ticipant to focus solely on deriving insights based on the data visualization. The
“thinking aloud process” is one of the most common techniques in usability studies
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[81]. It consists of asking the participant to verbally express the thought process
while using the system under testing. The insights, comments and other statements
can be then captured via audio recording. The recordings need to be transcribed so
that they can be assessed based on a defined and established criteria. In this way, the
work is shifted from the participant (since there is no longer a need to write the in-
sights in a diary) to the researchers performing the study (transcribe the recordings).

4.3.2 Usability testing methods

Nielsen suggests that “‘usability has multiple components and is traditionally asso-
ciated with the five usability attributes, which are learnability, efficiency, memora-
bility, errors, and satisfaction” [81]. In order to assess the usability of computerized
systems, multiple alternatives exist in industry and research.

Usability questionnaires are useful for assessing clinical data visualizations, since
they have a high appropriateness ranking [76]. Usability experts can conduct the
heuristic evaluation and the cognitive walkthrough; both are recommended tech-
niques to complement the evaluation of a system.

Heuristic evaluation

Heuristic evaluation requires at least one expert in the area of human-computer
interaction [76, 81]. Experts in usability conduct the testing using Nielsen’s heuris-
tics [81]. The evaluation has 11 metrics that are evaluated using a seven-point Likert
scale, value 1 indicates “strongly disagree” and 7 “strongly agree”

Heuristics are “rules of thumb” comprising 10 principles that are meant to as-
sist the human-computer interaction specialist in the usability testing process [76,
82]. The heuristic evaluation principles are described according to Nielsen [82] as
follows:

1. Visibility of the system status: Refers to continuous feedback on the status of
the system “within reasonable time” (Feedback).

2. Match between the system and the real world: The use of language should be
familiar to the user so that conversations follow a “natural and logical or-
der” avoiding technical terminology unfamiliar to the intended user audience
(Speak the User’s Language).
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3. User control and freedom : Allow the user to recover from erroneous naviga-
tional options with “clearly marked” access options (Clearly Marked Exits).

4. Consistency and standards : Follow the same language and terminology to
avoid the user from guessing the meaning of “words, situations, or actions”
(Consistency).

5. Error prevention : Avoid “error-prone” options in the system whenever pos-
sible, and for those cases when the problematic options cannot be avoided,
present the user with confirmation dialogues (Prevent Errors).

6. Recognition rather than recall : Present visible options to the user at all times so
as to avoid the effort of remembering previously stated instructions. When-
ever options cannot be visible, make them “easily retrievable whenever appro-
priate” (Minimize User Memory Load).

7. Flexibility and efficiency of use : The interface should accommodate the novice
and advanced user by providing “tailored frequent actions” (Shortcuts).

8. Aesthetic and minimalist design : The dialogues should only contain relevant
and clear information that is needed in a timely manner at that particular state
of the interface (Simple and Natural Dialogue).

9. Help users recognize, diagnose, and recover from errors : Plain language should
be used in error messages, and whenever possible they should provide help-
ful information so that the users can take constructive actions (Good Error
Messages).

10. Help and documentation : Some systems require documentation and guidelines
to explain briefly how to accomplish specific tasks in concrete steps.

Cognitive walkthrough

Wharton et al. developed the cognitive walkthrough for usability testing [83].
Johnson et al. summarize this method as a “usability inspection method that com-
pares the users’ and designers’ conceptual model and can identify numerous prob-
lems within an interface” [76, 83].

The cognitive walkthrough has been used successfully to evaluate usability of
healthcare information systems [76, 84, 85, 86, 87] and Web Information Systems
[88].
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Since cognitive walkthroughs “tend to find more severe problems” [76, 89] but
“fewer problems than a heuristic evaluation”, [76, 90] both methods should be con-
sidered for evaluation.

Laboratory testing

Laboratory testing is regarded as the “gold standard” for usability testing [91]
when it comes to performing studies in a controlled environment. Laboratory test-
ing collects “qualitative and quantitative” data “since it collects both objective data
such as performance metrics (e.g., time to accomplish the task, number of key strokes,
errors, and severity of errors) and subjective data such as the vocalizations of users
thinking aloud as they work through representative tasks or scenarios” [76].

Controlled user testing comprises “a series of commonly used task scenarios” in
which users are asked to conduct these tasks using the “thinking aloud” process [76,
81, 92]. This requires “users to talk aloud about what they are doing and thinking”
while they complete the tasks using the system [76, 81, 92].

Usability studies “in the wild” provide higher accuracy since they monitor how
users perform their daily activities in reality and not in simulation. However, such
studies are difficult to find in literature and are often times costly to implement since
they require a usability expert present in the day-to-day activities without interfering
with professionals. Johnson and colleagues have stated this as a limitation of the
usability testing in a real clinical setting [76].

As the “gold standard” in usability testing, this method has been widely used in
evaluating health information systems [76, 93, 94, 95, 96].

Usability questionnaires

Usability questionnaires are “the most common” method to “collect self-reported
data” from the “users’ experience and perceptions after using the system in ques-
tion” [76]. Although the data collected is self-reported, some questionnaires have
reliability in measuring several usability metrics such as “satisfaction, efficiency, ef-
fectiveness, learnability, perceived usefulness, ease of use, information quality, and
interface quality” [76].

The Computer System Usability Questionnaire (CSUQ) and After Scenario Ques-
tionnaire (ASQ) [97] are recommended for evaluating systems similar to the those
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Table 4.2 Standard Questionnaires Table. The table lists the metrics, reliability and length of the Com-
puter System Usability Questionnaire (CSUQ) and the After Scenario Questionnaire (ASQ)
used for system evaluation.

Questionnaire Items Reliability Metrics

CSUQ 19

0.93 Usefulness

0.91 Information Quality

0.89 Interface Quality

0.95 Overall Usability

ASQ 3 0.93
Ease of Task Completion

Time Required to Complete the Task

Satisfaction

reviewed in this thesis. Table 4.2 shows the length, reliability, and metrics of the
questionnaires. These questionnaires use a seven-point Likert scale, where value 1
indicates “strongly disagree” and 7 “strongly agree”.

The CSUQ was developed by IBM, and it is a modification of the Post-Study
System Usability Questionnaire (PSSUQ) [98]. Table 4.2 shows the reliability of
this questionnaire. The questionnaire has a high coefficient alpha with a reliability
of 0.95 in total, with 0.93 for system usefulness, 0.91 for informational quality, and
0.89 for interface quality [76, 97, 98]. The questionnaire has been successfully used
in the healthcare domain [76, 99] and in the evaluation “of a guideline-based decision
support system” [76, 100].

ASQ is an additional questionnaire developed by IBM [76, 97, 101] designed to
measure user satisfaction after other usability tests have been completed [76, 98, 102].
This questionnaire measures the “ease of task completion, time required to complete
the tasks, and satisfaction with support information” [76]. According to literature
review, this questionnaire has not been used for EHR evaluation [76], but researchers
recommended it given its properties and appropriateness for use cases related to clin-
ical data visualization where tasks are required to be completed with the assistance
of a visualization system.
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5 IMPACT OF DATA VISUALIZATION ON THE

EFFECTIVENESS OF CLINICAL

DECISION-MAKING

From the literature, a total of three review articles have been found that address
the prevalence and importance of visualization systems for clinical data, with an
emphasis on EHRs.

A survey article published in 2011 identified 14 different articles detailing data vi-
sualization tools for EHRs [10]. The survey classifies these articles using two dimen-
sions: representation of single or multiple EHRs, and the type of data represented.
The data type can be: categorical, numerical, number of instances, and single or
multiple patient representation. The article emphasises the importance of data visu-
alization to enhance the clinical decision-making process and highlights that this is
an active and very much needed area of research. The assessment of the articles was
not discussed.

Lesselroth and Pieczkiewicz [19] reviewed the existing challenges in utilising ex-
isting clinical data to provide better care to patients. The study indicates that data
visualizations should help improve the clinical decision making process. The au-
thors conclude that the potential of EHRs has not been realized. In order to do so,
multidisciplinary research must address the existing barriers in health informatics.
These barriers are the heterogeneous nature of the data, dispersed storage, and the
inability to combine the data to better assist clinicians. The review also highlights
the need for an objective assessment of clinical visualization tools.

A systematic review conducted by West and colleagues reports on “innovative
information visualization” of EHRs [103]. The review focuses on the visualization
technique used to deal with heterogeneous data. The methodology of the review is
the same as used in this one. The review reports an increasing trend in “innovative”
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visualization as a natural consequence of the increase in clinical data.

These reviews are not conclusive for the purpose of this thesis, given that they do
no study the reasoning derived from the visualization and how this affects the clinical
decision making process at an individual level. Therefore, a systematic review is
needed to address this problem.

5.1 Preferred reporting items for systematic review and

meta-analysis

This review reports on the use of assessment methods in clinical decision support
systems that rely on data visualizations. This review follows the preferred reporting
items for systematic reviews and meta-analysis (PRISMA) [104]. This review is not
constrained by publication year, all articles that fit the search criteria are considered.

The literature search was conducted in July 2019 using PubMed, Web of Science
and Scopus. PubMed is a free search engine maintained by the United States National
Library of Medicine (NLM) at the National Institutes of Health, and it provides
access to MEDLINE, Science, and British Medical Journal, among others. MED-
LINE is a bibliographical source for medical articles. Web of Science, previously
named Web of Knowledge, has access to seven different databases covering several
disciplines and conference proceedings. Elsevier’s alternative is called Scopus, which
covers more than 34,346 peer-reviewed journals from multiple disciplines.

Additional sources were obtained from the bibliographical references of articles
found in this review. This was done to complement the review process and also to
include other research work previously covered by other surveys, thus extending this
review with additional literature. Table 5.1 lists the criteria and keywords used to
perform the search queries in the databases.

5.2 Inclusion and exclusion criteria

The articles must utilise clinical data, that is to say, data used in the context of health-
care. The most common variety is EHR or personal health records (PHR), as it is
also referred to in the literature. The emphasis of the article has to be on the vi-
sualization of clinical data and how that affects the decision-making process. The
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Keywords Criteria

“health record” OR
“clinical data”

Include all articles containing the terms “electronic
health record” or “personal health record”. In the
event that these terms are not used, search for the
term “clinical data” to cover all other cases.

visual* Include all articles discussing any form of visual rep-
resentation.

usability OR test* OR
compar* OR assess* OR
study

Include terms such as assessment, study, testing, com-
parison and usability studies.

“decision support” articles must make mention of this term as it pro-
vides the context in which the clinical data visualiza-
tion is being used.

Table 5.1 The table shows the four keyword terms used to compose the queries to search for articles.
The Boolean operator “AND” was used to combine these terms. Within these terms, the
Boolean operator “OR” accounts for similar terms representing roughly the same concept.

visualization should be at the centre of the system that aims to assist in the under-
standing of the data and the decision making process. The articles should explain the
decision making process they aim to support, or provide arguments to substantiate
that the visualization is in fact a supportive tool for the decision making process.

Articles must contain figures of the visualization under study. Some studies deal
with genetic data, primarily used for classification, exploration and analysis, however
they were excluded because they did not support the decision-making process nor
did they use clinical data in the context of healthcare. They rather used genetic data
to discover answers to research questions not directly related to patient care.

Articles detailing the implementation and computational performance of the data
visualization tool were not included because they did use the visualization to assist in
the clinical decision making process. Articles that underline current research trends
in visualization and decision making in the healthcare context were also excluded.

Surveys, position papers, and articles discussing the importance of clinical data
visualization or decision support systems were excluded, as they did not discuss a
specific tool and how it supports the clinical decision making process. Articles that
conducted assessments on the computational performance or algorithmic complex-
ity of the rendering process of the data visualization were also excluded, as these fall
outside of the objectives of this thesis.
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5.3 Selection and analysis

The output of the search queries from the databases were exported into a spreadsheet.
The information collected included the authors, DOI, year of publication, journal or
conference, title and abstract. The first classification of the findings was to determine
whether the articles reported any form of assessment of the data visualization. These
criteria served as the first step to filter the articles relevant to this review process.

After reading the abstracts, the articles were included or excluded from the review
process. The remaining selection was later screened by reading the full article. The
main goal was to study the nature and prevalence of assessment methods of clinical
data visualizations in the decision making process.

5.4 Search results

A combined total of 228 studies were identified from the electronic databases of
PubMed, Scopus, and Web of Science. An additional 28 studies were added to the
catalogue by manually reviewing references in the studies. After removing 82 dupli-
cate entries, a total of 174 abstracts were screened manually.

A total of 136 studies were excluded because they were position papers or recom-
mendations on visualizations, did not provide decision support, did not deal with
clinical data, did not use data visualization, dealt with policies in healthcare, dealt
with genomics data, discussed the importance of visualization in healthcare informa-
tion systems, described the need for investigation of better visualization techniques,
or discussed the potential of clinical data in diagnostics.

The remaining 38 studies were fully read. From these, a total of 19 did not report
any form of assessment, 3 did not present the visualization under study, 5 did not
explain how the visualization can be used in the decision support process, and 1 was
a set of recommendations on experimental design to assess visualization outside the
clinical domain. The result of the filtering process for the review is shown in figure
5.1 as a flowchart following the PRISMA approach.

A study of computerized physician order entry (CPOE) shows that a dashboard
implementation received positive feedback from nurses at a hospital in Singapore
[105]. The dashboard implementation is a software that operates on top of the exist-
ing CPOE system. The visualization is rather simple and shows only visual cues for
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Figure 5.1 The flowchart representing the steps taken for the literature selection, as recommended by
PRISMA [104].

alerts, as illustrated in figure 5.2. A total of 106 nurses responded to a questionnaire.
The metrics obtained from the questionnaire were overall user satisfaction, usage
frequency, system quality, system information quality, impact on work efficiency,
and impact on care quality. Mean user satisfaction resulted in 3.6 out of 5 points on
a Likert scale. Overall, the nurses expressed a favourable response to the dashboard
reducing the cognitive overload.

Rayo and researchers [106] compared two mechanisms to alert physicians to po-
tential problems when prescribing diagnostic imaging studies. They compared the
prevalent alert system using textual alerts in the form of pop-ups in the medical soft-
ware against dynamically annotated visualizations (DAVs). They invited 11 clini-
cians to take part in the study. The study was designed by the researchers, and it
consisted of a series of questions on whether the patient should continue, cancel, or
change the recommended treatment. The researchers found a reduction from 34%
to 18% of “inappropriate diagnostic imaging tests” when the clinicians used DAVs.
The visualization used in the study consisted of visual cues [105]. These visualiza-
tions were rather simplistic, as they aimed only to show potential risks as graphical
cues.

Franklin and colleagues [108] implemented a software that collects EHRs and
presents patients with a personalized view of risks for treatments. The software uses
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Figure 5.2 The dashboard implementation used in the study by Tan and colleagues[105], Open Access
[2013] IOS Press.
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Figure 5.3 The overview of Treatment Explorer showing the distribution of patients that underwent a
specific treatment as well as the summary of outcomes for the treatment [107]. Treat-
ment Explorer Interactive Decision Aid for Medical Information [2012] https://perma.
cc/H7PW-E35D

narration, animations, and visualizations to give patients the best possible informa-
tion regarding treatment risks. The software was named Treatment Explorer. Figure
5.3 shows the view of a recommended treatment for a patient, summarizing patient
outcomes graphically and textually. The software was deployed and tested in three
different stages. In the first stage, domain experts from risk analysis and healthcare
reviewed the software and provided feedback. The second stage was a user study with
24 participants. The participants used a text-based alternative for risk assessment, a
prototype and a full-featured version of the software that included animations. The
users were asked 10 questions to which the responses were either correct or incor-
rect. The third stage consisted of 42 participants answering a similar 10-question
test. The results show that the number of incorrect responses was fewer with the
full-featured software (from 1.21 to 0.31). The researchers close the study with a set
of recommendations for future systems that deal with a similar goal. These include
the use of narration, and animations, and allowing the user free control over the time
flow of the risk assessment.
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A Diabetes dashboard software was implemented by Sim and colleagues [109].
The dashboard featured combined data from EHRs to assist the user in diabetes
management. The dashboard featured a visualization of recent test values for lipids,
renal function, and laboratory tests. Figure 5.4 shows the dashboard overview. This
visualization used colour-coded cues to stress critical values that require attention.
A study was designed to evaluate the dashboard compared to the existing system.
The study featured a scoring mechanism to determine if the users were able to cor-
rectly assess and take adequate action in the management of the disease. The ques-
tionnaire was distributed via an online system that reported the results back to the
researchers (findsurveys.com). The researchers report that the dashboard “signifi-
cantly improved the identification of abnormal laboratory results, of the long-term
trend of the laboratory tests, and tests due for repeat testing”. The dashboard was
not substantially better than the existing solution in identifying patients that needed
“treatment adjustment”.

Forsman and researchers [110] report a software that visualizes clinical data from
multiple sources, assisting with intensive-care antibiotic treatment. The visualiza-
tion aims to provide a “holistic overview of integrated information” required to se-
lect the appropriate antibiotic. Graphical cues in the form of “color patterns” were
used to indicate “intervals of chemical values and antibiotic treatment”. Figure 5.5
shows the holistic overview for antibiotic prescriptions. A study was conducted
with 10 physicians and 2 usability experts. The study consisted of 15 tasks that mea-
sured “performance time, navigation paths and accuracy”. The completion rate for
the tasks was 79.4%. A system usability scale (SUS) questionnaire was also used for
the evaluation [111]. The score for the SUS questionnaire was 79.5%, which is con-
sidered favourable. The software tested in this study was not compared to other
solutions.

A patient portal was implemented by Fraccaro and colleagues [112]. The ob-
jective was to assist patients in understanding laboratory results so that they can
eventually self-manage chronic kidney disease. The patient portal was evaluated us-
ing three presentation formats. The first was a numerical and textual presentation
of the results, the second presented contextualized results (reference values) and the
third presentation grouped similar values into categories. Each presentation used
single and reference graphs. A total of 20 participants took part in the study. The
researchers asked participants to self-evaluate their health literacy [113]. Laboratory
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Figure 5.4 An overview of the diabetes dashboard use in the study by Sim and researchers [109]. Cre-
ative Commons [2017] doi.org/10.1371/journal.pone.0173021
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results were shown to the participants in one of the three formats. The participants
were asked to assess how serious the condition of the patient was. They had to se-
lect one of three actions, call a doctor immediately, schedule an appointment within
the next 4 weeks, or wait for the next check-up in 3 months. A scoring system was
used to assess the correctness of the answers. In the results, despite the visualization
enhancements, 65% of the participants underestimated the need to take appropriate
action. Medium-risk cases were “particularly difficult” to understand. The study
concludes that further work is needed to facilitate risk analysis for patients with
chronic conditions.

Sim•TwentyFive was reported by Stubbs and researchers as clinical software to
compare and analyse patients with similar physiological conditions [114]. The soft-
ware employs web technologies to run comparisons and visualizations across mul-
tiple platforms. The visualizations consist of scattered plots to identify similar pa-
tients, and longitudinal physiological data. Computational performance and opin-
ion surveys were used to evaluate the software. The survey was answered by physi-
cians via email invitations. The physicians found the software useful for their clinical
practice. No additional assessment was conducted to test the performance, correct-
ness, or analysis and reasoning of the software.

Faiola and colleagues [115] developed and tested a software ICU monitoring of
biometrical data. The software was designed using a human-centred approach. The
software, named Medical Information Visualization Assistant version 2 (MIVA 2),
aimed to reduce the cognitive load on clinicians and assist in better decision-making.
The software visualizes various biometrical and longitudinal data arranged as a dash-
board. A total of 12 participants took part in the study, comprising nurses and
physicians. Fictitious clinical data was used to evaluate MIVA 2 against a baseline
representation. The study consisted of a questionnaire and briefing interviews that
measured performance, accuracy, context of use, and usability. The first part was a
performance test with a set of questions that the participants had to answer. The sec-
ond part assessed the accuracy of the decisions made by the participants. The results
show that users performed faster with MIVA 2 (3.11 seconds) than the baseline (3.65
seconds). They also had increased accuracy from 0.58 to 0.63. Overall, the users
were satisfied with the use of MIVA 2.

Gotz and Stavropoulos addressed the challenge of multi-variable temporal data
with their software implementation, DecisionFlow [116]. The software aims to
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assist users in analysing “high-dimensional temporal event sequence data”, such as
EHRs. The researchers defined a structured approach to treat data as “milestones”
organised in sequences, similar to a graph visualization. Figure 5.6 shows the sum-
marized dashboard view of a patient rendered by the software. A study with 12 users
was conducted to evaluate DecisionFlow. The study consisted of a questionnaire to
evaluate understanding of the events depicted in the graph visualization. The data
used was a collection of medical events of anonymized patients. The focus of the
study was on measuring accuracy and speed. There was an accuracy of 98% among
the participants. The speed at which the participants completed the task varied from
1.7 to 23.6 seconds. The researchers state that these times are considered good values.

Lin and researchers evaluated a paediatric intensive care software called T3 [117].
The software comprises a central visualization and three secondary ones. The cen-
tral visualization is a combined set of line graphs representing longitudinal physio-
logical signals. The secondary visualizations consist of visual cues for “out-of-target
values”, sparklines to indicate trends, and a bar graph that uses a 16-parameter pro-
prietary algorithm to estimate “the risk of inadequate oxygen delivery”. A human
factors usability study was conducted with seven physicians, eight nurses, and seven
respiratory therapists. The data used for the study came from a clinical database of
newborn cases of post-cardiac surgery. The data was anonymised for the study. The
participants were invited to a usability laboratory, and the sessions were recorded.
Participants were asked to use the “thinking aloud process” to record their thought
process while using the software. Participants were asked to conduct 20 tasks with
the software. The tasks involved typical actions and steps required to analyse the
data. Usability issues were discovered with the software. The completion rate for
the tasks was 88%. The user error rating was 1.3 for clinicians and nurses, and 1.2
for therapists. The researchers state that despite the usability problems, the software
was able to assist users in understanding and interpreting the results.

5.5 Summative analysis

A total of four studies used longitudinal data visualizations to help in the clinical
decision making process. Three studies focused on patient self-care. Two studies ad-
dressed health monitoring, and one the risk analysis of prescribed treatments. Seven
studies addressed the decision making process from the perspective of clinicians and
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nurses. Two studies focused on ICU monitoring, one on patient monitoring, two on
the overall patient condition, one on recommending antibiotic treatment, and one
on prescriptions for imaging studies. Four studies dealt with data obtained from
laboratory tests as well as physiological measurements.

Half of the assessments made a comparison study between the described system
and a baseline representation. All these comparative assessments used questionnaires
with a scoring system. Only one of them conducted briefing interviews with the
participants. The second half of the assessments did not compare the system to any
alternative. From these studies, two relied on usability techniques, including the use
of system usability scale (used to collect user feedback). The remaining three, used a
set of tasks that the participants performed during the assessments. Only one study
used the “thinking aloud process” to document the reasoning behind the actions of
the users.

5.6 Discussion and conclusion

The majority of the assessments reported in the articles, fall under the UP scenario
classification. Table 5.2 shows the number of studies classified according to the sce-
narios by Lam and colleagues [23]. This shows an emphasis on performance and
user experience among the reviewed studies. The studies aimed to establish that the
proposed software increased the accuracy of decisions. A lower number of studies
paid attention to the analysis and reasoning obtained from the data visualization and
how this in turn affected the clinical decision making process. Some of the studies
conducted more than one assessment.

Scenario Number of studies

Evaluating visual data analysis and reasoning
(VDAR) 2

Evaluating user performance (UP) 9
Evaluating user experience (UE) 4
Evaluating visualization algorithms (VA) 1

Table 5.2 The number of studies found in the literature review classified by the scenarios proposed by
Lam and colleagues[23]

The articles acknowledge the importance of meaningful visualization techniques
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to enhance the decision making process. Only a small portion of them conducted as-
sessments to determine how the visualization, as part of the system, can assist users
in making better clinical decisions. Figure 5.7 shows the distribution of publica-
tions found in this literature review. Before 2012, the studies did not conduct any
assessments. After that year, it became increasingly common to publish studies that
included any type of assessment.

Figure 5.7 The distribution of articles by year, with and without assessments

The articles identified in this survey did not compare assessment methods. No
rationale was presented to justify the selection of an assessment methodology. There-
fore, challenges remain in existing studies on how to select the assessment method
based on the goals of the study. As a first step, the relevant metrics and goals of the
study should be defined in detail.

The use of a visualization technique was necessary for an article to be included in
this literature review. It is possible that some articles utilized a data visualization but
it was not stated in the manuscript. As a result, these articles were excluded from
the literature survey.

Although numerous studies have been done that use visualization techniques for
clinical decision support, those that did not report any assessment in the abstract
were excluded from this review. It might be possible that some studies did not em-
phasise the assessment, and thus it was not described in the abstract.

The purpose of this review was to determine the prevalence and nature of as-
sessments in decision support systems that rely on clinical data visualizations. The
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review shows an increase in the use of assessments in reported studies. Table 5.2
shows that only two articles conducted assessments that fall under the VDAR sce-
nario, these are the contributions made by Fraccaro and colleagues [112] as well as
Sim and researchers [109]. The gap that the thesis aims to bridge is to develop a
methodology that allows the assessment of clinical data visualizations in terms of
their efficacy in supporting clinical decision making. Looking further into these
two publications, the VDAR assessments consisted of questionnaires designed by
the researchers. The questionnaires were made with the intention to capture the
ability of the participants to “assess and take adequate action” given the data visu-
alization. The intended design of the experiment was to study the visual reasoning
however, the methodology followed in these two publications was defined by the
authors. Ideally, the researchers could have used an existing methodology, such as
the insight-based, to further study the visual reasoning.

After screening 174 records and identifying 2 instances in which a VDAR evalua-
tion was done, it can be concluded that the evaluation of visual reasoning in the clin-
ical decision making process is uncommon. Even considering these two instances,
the experiment design did not follow a previously tested methodology, nor was the
experiment design justified or compared to other alternatives.

The focus of the assessments in the rest of the articles is on user performance,
meaning the number of correct answers in a given questionnaire. It remains increas-
ingly rare to focus on the reasoning process that leads to the decisions being made.
Future studies could aim to provide examples on how to study the reasoning behind
the clinical decision making process. The usage of suitable assessment methodology
could provide guidance for future studies. With demonstrable evidence that a certain
visualization improved the clinical decision making process, better patient outcomes
could be expected.

5.7 Clinical data visualization systems in industry

Prominent companies like GE Healthcare and Philips have developed their own
commercial solutions for data visualization that support the clinical decision making
process.

GE Healthcare offers the Advanced Visualization AW solution for healthcare
professionals which focuses primarily on imaging and processing of CT and MRI
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Figure 5.8 A screenshot of the ViewPoint 6 software developed by GE Healthcare to visualize and or-
ganize ultrasound imaging. Image obtained from GE Healthcare ViewPoint 6 specification
website [118]. https://perma.cc/P7GT-GXCS

Figure 5.9 The Philips IntelliSpace Portal showing imaging studies in multiple modalities. Image ob-
tained from Philips Healthcare YouTube presentation. https://perma.cc/8JUD-D8H9
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scans. The solution was designed to assist clinicians in the decision-making process
by reconstructing 3D models of the patient imaging and highlighting areas in the
studies that are of particular interest for professionals [119]. Another visualization
solution developed by GE Healthcare is ViewPoint 6 which is an ultrasound visu-
alization software that also handles the reporting aspect [118]. Figure 5.8 shows a
screenshot of the ViewPoint 6 software from GE Healthcare specification website.

Philips developed the IntelliSpace Portal which also aims to provide a software
for managing and exploring imaging studies from patients. The software also enables
collaborations of image exploration and imaging data centralization [120]. The soft-
ware features image evaluation, access to different modalities, cardiovascular imaging
analysis, quick browsing through patient cases and pulmonary care detection. Figure
5.9 shows a screenshot of the IntelliSpace Portal.
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6 ASSESSMENTS OF DATA VISUALIZATIONS

FOR CLINICAL DECISION SUPPORT

6.1 Research methodology of the studies

The research conducted in the studies is mixed because it aims to gather data based
on the experience of making sense of clinical data to make decisions (qualitative),
and to gather numerical data for ranking and categorization for statistical analysis
(quantitative). The goal of these experiments is to gain knowledge by observation,
recording and analysis of the gathered data to further understand how visual rea-
soning is affected by visualizations and how that in turn affects the decision making
process.

The collection and ranking of insights falls under quantitative research, as well as
the comparison between visualization systems via the metrics defined in the insight-
based methodology and the scoring system of the usability studies. The formulation
of the criteria for the assessment of insights and their classification into hypotheses
is qualitative because it studies the previous insights and behaviour of the partic-
ipant during the data exploration and reasoning via the “thinking aloud process”.
To capture the thinking process, it was essential to understand the evolution of the
data analysis of the participants during the assessment sessions. A mixed research
approach enables the study and comparison of different visualizations and how they
affect the visual reasoning process mentioned by Pirolli and Card [22] and studied
by VDAR evaluations [23].
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6.2 Comparison of five visualizations (Publication I)

A study was conducted to compare five visualizations using insight-based methodol-
ogy. At the time of publication, no other article had applied this methodology in the
context of clinical data. The purpose was to understand how different visualizations
have an impact on the way people understand health and how this affects in turn,
the clinical decision making process. The visualizations used in the study were based
on the framework developed by Cleveland and McGill [32]. Additionally, a radar
plot visualization technique called “hGraph” was also included in this study. Figure
6.1 illustrates the figures used in the study.

6.2.1 Data and assessment criteria

Two data sets were modelled to describe different health situations. The first data
set modelled a person with a poor overall health condition and a clear indication of
a metabolic syndrome. The modelled data included a high risk of developing Type
2 Diabetes (T2D), based on the calculator developed by Lindström and Tuomilehto
[121]. The second set modelled a person with a good health condition and a healthy
lifestyle.

Healthy ranges for each parameter, derived based on the national clinical health
recommendations [122], were also included in the data sets for comparison purposes.

Depth and complexity [24] were used to establish the criteria to evaluate the in-
sights. Similar to previous insight-based studies [25], a five-point Likert scale was
used to determine the value of the insights. Clinically incorrect insights did not
receive any points. The insight value was given by a physician following the above-
mentioned criteria.

6.2.2 Experiment protocol

A total of 15 female and 15 male participants from 9 different countries took part
in the experiment. A self-assessment of the participants’ knowledge on health and
wellbeing was conducted. The participants were also asked how familiar they are
with the risks of developing T2D. Block randomization was used to assign one data
representation to each participant. The participants were asked to “see beyond the
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figures” and explain the relationships between the measurements using the “thinking
aloud” process for a total of ten minutes. The participants were engineering students
and members of the staff from a technical university without a degree in the field of
medicine.

6.2.3 Results

The area visualization had the least correct assessments. The angle visualization had
all assessments completed correctly. The hGraph had four correct and one incorrect
assessment. These two visualizations supported participants with low understand-
ing of health literacy in assessing the dataset correctly, as compared with length and
position, which did not support participants with low health literacy.

Table 6.1 The results of the study showing the average time to the first insight of value three or more,
average health literacy, and number of hypothesis in total, and per participant.

Visualization
Time(s)

Health
Literacy

Hypothesis

Total Per participant

Angle 98 3.2 4 (0,0,2,1,1)

Area 144 3.0 3 (0,0,2,1,0)

hGraph 128 3.2 6 (2,0,1,2,1)

Length 139 2.0 3 (2,0,1,0,0)

Position 57 2.6 4 (0,1,1,1,1)

Table 141 3.2 4 (0,0,1,0,3)

The longest time to the first insight of value three occurred using the area and in
the table. The position and hGraph enabled the generation of a hypothesis in four
out of five participants. An insight of value four or five is considered a hypothesis.
Table 6.1 summarizes the insights recorded for each visualization.
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6.3 Wellness dashboard and health figures (Publications II

and III)

The encouraging results obtained with the hGraph in the previous study, provided
the motivation to conduct a second study. A new web library was developed, in-
spired by the hGraph. The library was released as open source software under the
name of Health Figures or hFigures. This library took into account the feedback
received by hGraph users and extended its capabilities.

To measure the effectiveness of hFigures, a wellness dashboard was implemented,
and a usability study was conducted. Usability methods were used in this study to
try to understand how they can measure the effectiveness of a visualization. The
study was divided into two publications. The first was a conference publication
on the usability study of the dashboard as a tool to support understanding of data
representing health and wellness. The second was a journal article on the design and
implementation of the hFigures library and its evaluation as a key component of the
dashboard.

6.3.1 hFigures

The implementation of hFigures followed the Extreme Programming methodology
[123, 124]. During the implementation of the library, the author’s research group
provided the continuous review process for the software. The research group has
expertise in health sciences, signal processing, user design, software engineering and
machine learning.

In contrast with hGraph, hFigures does not calculate aggregated measurements
that could mislead users into ignoring values outside the recommended ranges that
could be skewed. Instead, hFigures hides the labels of individual measurements and
shows grouped sectors as categories to avoid clutter and maximize scalability. hFig-
ures is illustrated in Figure 6.2.
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Figure 6.2 The hFigures representation of two different states of the same patient. hFigures does not
aggregate the measurements; instead they are separated by groups in sectors.

6.3.2 Wellness dashboard

A wellness dashboard was built to depict the evolution of the previously modelled
patient at risk of developing T2D. The patient went through a health coaching pro-
gramme and as a result, the overall health condition improved.

A timeline shows a series of activities that continuously improved the overall
health situation. Users could delineate two points in time to compare the two hFig-
ures as means to understand the evolution of the patient.

6.3.3 Experiment protocol

Previous studies have invited a total of 14 participants to take part in the usability
testing [76, 81, 125, 126, 127, 128, 129, 130]. Using that number as a reference, the
same number of participants were invited to take part in this study. Out of these, a
total of three were usability experts.

The usability questionnaires were filled out using the web portal developed by
Perlman [131] and available at the following address http://garyperlman.com/

quest/.
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The usability experts conducted a heuristic evaluation and a cognitive walkthrough.
All the participants conducted 11 data analysis tasks that required the use and explo-
ration of the wellness dashboard. All the participants answered the CSUQ and ASQ.

6.3.4 Results

The average response to the heuristic evaluation was 6.3 out of 7 points. The ques-
tions comprising the walkthrough, as described by Wharton et al [83]., were cor-
rectly answered by the expert users, and thus no design or mismatch errors were
found.

All the participants completed 7 of the 9 tasks. The most problematic was to
identify the different categories of measurements in the segmented areas of the graph.
Steps were taken after the assessment to improve the library using the feedback ob-
tained from the study.

The results for the questionnaires were computed to obtain the overall usability
rating of the system as recommended by Lewis [132]. Table 6.2 summarizes the
CSUQ results. The dashboard obtained an average of 6.13 out of 7 points in system
usefulness, 5.66 in information quality, and 6.24 in interface quality. The score for
overall usability is 6.02 with a standard deviation of 1.04.

Table 6.2 The CSUQ results for Overall Usability, System Usefulness, Information and Interface Quality.

Metric Questions
Average

Response
Standard

Deviation

Overall Usability 1-19 6.02 1.04

System Usefulness 1-8 6.13 0.93

Information Quality 9-15 5.66 1.20

Interface Quality 16-18 6.24 0.99

Table 6.3 summarizes the results of the ASQ. The average response in the ASQ
for the ease of task completion was 6.64 with a standard deviation of 0.842, and for
the time required to complete the task it was 6.64 and a standard deviation of 0.497.
The overall satisfaction was 6.46 with a standard deviation of 0.53.

Overall, the wellness dashboard proved to be a valuable tool to understand the
patient’s condition and evolution over a period of time.
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Table 6.3 The ASQ results with the average response value and standard deviation.

Question
Average

Response

Standard
Deviation
(seconds)

Overall, I am satisfied with the ease of completing
the tasks in this scenario

6.64 0.84

Overall, I am satisfied with the amount of time it
took to complete the tasks in this scenario

6.64 0.49

Overall Satisfaction of the system 6.46 0.53

6.4 Health timeline (Publication IV)

The health timeline was designed to provide a simple and interactive way to review
a patient’s medical history using a software visualization of time-based clinical data.
The visualization software aims to assist in the decision making process when assess-
ing the overall status of the patient.

The authors of this study conducted an insight-based evaluation of the visualiza-
tion software. Five psychiatrists took part in the study by reviewing the clinical data
of five anonymised patients. The psychiatrists were instructed to use the “thinking
aloud process”. Their findings were recorded using voice recording software. These
assessments were later transcribed and analysed following insight-based methodol-
ogy. Figure 6.4a shows an example of the health timeline portraying the clinical
history of a patient.

The health timeline tries to address the challenge of representing data clearly and
in a meaningful way without overwhelming the user with excessive details and com-
plex interfaces. During the assessment, participants became acquainted with health
timeline. Other visualizations, such as LifeFlow [133] and EventFlow [134], re-
quired participants to get acquainted with the tool before conducting the experi-
ment.

The current interface to the EHR system consists of an interactive table, shown
in Figure 6.4b. This system is considered the baseline representation of the study.
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(a) The health timeline visualization showing the collection of EHRs of a patient.

(b) The baseline visualization showing a set of EHRs of a patient as textual information in a table that can be sorted.

Figure 6.4 The health timeline and baseline visualizations used in the study. Both techniques contain
the same data but with different graphical representations and interactive elements.

6.4.1 Insight assessment criteria for clinicians

Insight-based methodology has not been applied to clinical longitudinal data. For
this reason, new insight assessment criteria were formulated. Professional psychia-
trists took part in the process of formulating the insight value criteria.

The criteria are based on insights derived from time patterns and correlation with
events along the clinical histories of the patients.
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6.4.2 Clinical data

The studies used anonymised patient data obtained with consent from mental health
patients with various psychiatric disorders [135].

The selected data included Pharmaceutical Benefit claims (type of medication,
amount of medication supplied, and the date of supply), Medicare Benefits claims
(tests and services by Medicare eligible practitioners and the associated date of the
service), and hospitalization dates over 3 years between 2012 and 2014. The data
also included visits to general practitioners, specialists, laboratory tests, emergency
hospital admissions, and drug treatment, among other categories.

6.4.3 Experiment protocol

A total of five professional psychiatrists took part in this study. The participants
received written instructions on how to conduct the assessments via email. The in-
structions contained 10 web links used to access a web portal that displayed the pa-
tient data. As in previous studies, the participants were instructed to use the “think-
ing aloud process”. The assessments were recorded using a phone communication
software.

As in previous studies [25, 26, 27, 80, 136], the insights were transcribed and
evaluated. The resulting data was further processed and analysed using the following
metrics: insight value per assessment (average and cumulative), number of insights
and time to first insight.

6.4.4 Results

A total of 50 assessments were collected, comprising 78,783 seconds of recordings.
Table 6.4 summarizes the characteristics of the distributions such as the minimum,
maximum, mean, median, and standard deviation.

The health timeline had an average of 22.32 insights compared to the baseline
with 23.04 ( p = 0.7047). The mean value for the timeline (1.70) was higher than
the baseline (1.26; p = 0.01). The cumulative value for the timeline (34.68) was
significantly higher than the baseline (24.96; p = 0.01).

The timeline (558) had a lower count of insights than the baseline (576; p = 0.7).
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Table 6.4 The results comprising the total count of insights, cumulative, and mean value per assessment.
Statistical significance is shown in the p column using Mann-Whitney U tests.

Metric Baseline Health Timeline p-values

Number of
insights

mi n = 6
max = 42
µ= 23.04
M d = 23
σ =±10.43

mi n = 5
max = 42
µ= 22.32
M d = 21
σ =±9.12

0.70

Cumultive value

mi n = 8
max = 45
µ= 24.96
M d = 24
σ =±10.96

mi n = 10
max = 56
µ= 34.68
M d = 38
σ =±11.87

0.01

Mean value

mi n = 0.21
max = 2.17
µ= 1.26
M d = 1.21
σ =±0.52

mi n = 0.78
max = 2.71
µ= 1.70
M d = 1.60
σ =±0.57

0.01

The average and median insight value for the timeline (µ = 1.0833; M d = 1; σ =
±1.10) were higher than the baseline (µ= 1.55; M d = 2; σ =±1.25; p< 0.01)

For insights of any given value, the timeline was slower (13.16 seconds) compared
to the baseline (7 seconds; p < 0.01). Insights with a value greater than one or two
were also slower with the timeline (22.24 seconds and 51.21 seconds) compared to
the baseline (20.36 seconds; p = 0.14 and 40.01 seconds; p < 0.01). For insights
with a value greater than 3, the timeline was faster (68.44 seconds) compared to the
baseline (92.83 seconds; p < 0.01). Only the timeline was able to generate insights
of value greater than 4 with an average time of 63.50 seconds.

6.5 Research analysis

Publication I provided results that were similar to those presented by the visual
perception framework developed by Cleveland and McGill [32]. The study how-
ever, was conducted using a different methodology. By applying the insight-based
methodology in a clinical context, the necessary data was obtained from the experi-
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ments to gain better understanding on how the graphical representation affects the
clinical decision making process. By ranking and analysing the data obtained from
the experiments, it was concluded that the visual presentation of the data has an im-
pact similar to the graphical perception that Cleveland and McGill reported. This
in turn, affected the visual reasoning and the decision making.

Publication II and III demonstrated the effectiveness of the wellness dashboard
and the hFigures library by conducting usability tests. More importantly, the us-
ability testing applied in conjunction with the cognitive walkthrough, revealed the
thinking patterns of the participants. Their interactions with the system were recorded
and studied. These revealed usability problems that arouse from cognitive overload
caused by the graphical interface and lack of clarity in the dashboard system. How-
ever, the usability test and cognitive walkthrough also revealed that the users were
able to understand multimodal data presented via the hFigures library. The results
show that usability testing coupled with cognitive walkthrough can reveal the visual-
analytical operation, perception and cognition as reported by Lam and researchers
[23]. This was the case when the users were asked to asses the health status and use
that knowledge to complete the tasks during the experiment sessions.

In publication IV the insight-based method was applied to study the visual reason-
ing and decision making process of clinicians via an interactive visualization system.
By capturing and analysing the insights, the thinking patterns of the clinicians were
recorded. The pattern reveal a deeper understanding of the data when the interac-
tive capabilities of the system were used. The streams of insights and their increasing
value show that the clinicians were able to grasp the clinical history of the patients as
they became more comfortable with the software. The formulation of hypotheses
and the visual reasoning process were documented in the captured insights since these
were recorded with the time at which the clinicians verbally expressed their thoughts
(thinking aloud process). To this extent, the process described by Pirolli and Card
[22] was captured via the experiments and studied via the insight-based methodol-
ogy [24]. The aforementioned reasoning process involved the searching, reading and
extraction of information, as well as the discovery of knowledge, schematization of
information, hypothesis generation and the decision making process.
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7 DISCUSSION

7.1 Results versus objectives

The experiments documented in the publications compiled for this dissertation were
conducted to study the reasoning derived from the visualization and how this affects
the clinical decision making process at an individual level. By applying quantitative
and qualitative research, it was possible to compare visualizations in a clinical con-
text and provided better understanding on what makes a good visualization. The
studies provide documentation on the processes and activities involved in the visual
reasoning and knowledge discovery that took place in the experiment sessions. By
utilizing evaluation methods such as the insight-based and usability testing with cog-
nitive walkthrough, the documented experiments can serve as blueprints for future
studies.

To study and compare how different clinical data visualizations affect visual reason-
ing (Publications I — IV).

The objective was achieved in all the publications. Publication I compared five vi-
sualizations following insight-based methodology. The study collected the insights
of non-medical experts and compared their values. In the study, participants evalu-
ated the overall health of the modelled patient based on the data visualization. This
exercise in judgement reflected the overall understanding that the participants were
able to obtained from the visualization. The study demonstrates that the visualiza-
tion affects visual reasoning. Visualizations of the data represented by area size had
a negative effect (poor performance and data understanding), while angular, tabular,
and hGraph representations had a positive effect (deeper understanding of the data
and the underlying conditions of the modelled patient).

Publications II and III studied the performance of the execution of tasks by par-
ticipants in a laboratory. The objective was to evaluate the level of understanding the
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participants gained from looking at the clinical data using the visualization software.
Additionally, usability experts conducted a heuristic evaluation of the system, and
the results were positive. The visualization of the modelled clinical data affected the
reasoning in a positive way when the tasks were performed correctly. The high com-
pletion rate across participation indicates an overall positive result and demonstrates
the assistive nature of the visualization in understanding complex clinical data.

Publication IV studied the insights formulated by clinicians using the timeline vi-
sualization and the baseline representation. The values of the insights differed greatly
depending on the visualization. It can be concluded that the timeline visualization
affected visual reasoning positively by enabling clinicians to formulate hypotheses
on the patient’s health condition.

To apply a methodology that studies visual reasoning and the decision making process
in the assessment of clinical data visualizations (Publications I — IV).

All the publications achieved this objective. Publications I and IV applied insight-
based methodology to clinical data visualizations. The methodology falls under the
VDAR scenario [23]. It comprises a series of steps to collect insights formulated by
participants during the experimentation. As described by North [24] and previously
used in bioinformatics [25, 26, 27], it has a structure followed by a series of metrics
to determine the degree to which the visualization supports hypothesis generation.
The studies detail the adjustments required to contextualize the methodology for
clinical data.

Publications II and III detail the use of UP evaluations to study clinical visual-
ization software. These evaluation methods are also recommended by Johnson and
colleagues when studying EHR visualizations [76]. The cognitive walkthrough [83]
and heuristic evaluation [82] constitute structured usability methodologies. Addi-
tionally, usability questionnaires measured the UP of the application. These ques-
tionnaires “collect self-reported data” and analyse the data to produce usability met-
rics. These questionnaires have been studied and analysed [76].

To develop and objectively measure the scalability and usability of software that vi-
sualizes holistic clinical data (Publications II and III).

The objective was achieved. The software utilized the library hFigures (avail-
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able in open source from the GitHub repository https://github.com/ledancs/

hFigures). The wellness dashboard used the library to present the modelled data of
a patient at risk of developing T2D, who went through a wellness coaching program.
Publications II and III detail the usability methods employed to test the system. The
methodologies fall under the UP scenario. The results indicate a positive outcome;
users were able to perform the majority of the tasks in a reasonable time. The cog-
nitive walkthrough and heuristic evaluation were conducted with usability experts.
Usability questionnaires were also used, and the results indicate a positive outcome.

To study how visualizations affect the decision-making process (Publications I and
IV).

The objective was achieved by comparing visualizations based on the correctness
of the decisions made by the participants. In Publication I, non-medical users were
asked to assess the overall health and wellness of the modelled patient. The visual-
ization technique greatly affected the correctness of the decisions. For instance, the
area-based visualization was difficult to grasp and as a result the participants were
unable to formulate correct assessments to the same degree as with the other visual-
izations.

In Publication IV, clinical experts formulated hypotheses and suggested treat-
ments based on the data presented to them during the experiments. The publication
details the different outcomes in terms of insight metrics and hypothesis generation.
These outcomes are the result of the participants’ assessments based on either the
baseline representation or the timeline EHR visualization system.

To apply a methodology that studies visual reasoning and the decision making process
to assess visualization software for clinical data with the participation of domain experts
(Publication IV).

The objective was achieved by recruiting five professional psychiatrists, who took
part in the analysis of real patient data. The study followed insight-based method-
ology, and to date, is the only instance of this methodology applied to study the
visualization of real clinical data with domain experts. The publication is as a use
case of insight-based assessment which studied the impact of the visualization on the
clinical decision making process.
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7.2 Impacts of the studies in their research fields

The studies found in the literature survey (chapter 5) did not focus on the assess-
ment of clinical data visualizations in terms of their efficacy in supporting clinical
decision making process at an individual level. All the publications (I—IV) compiled
in this thesis are practical examples on the use of structured methods that focus on
the reasoning derived from the visualization and how this affects the clinical deci-
sion making process. The use of structured methods that focus on this goal, could
increase the reliability of results obtained from studies. With the provision of a reli-
able method, the outcome can be expected to be of higher quality and thus produce
a better impact in the clinical decision making process. Publication I was the first
instance, at its time of publication, in which insight-based methodology was used to
evaluate a clinical data visualization that supports patient assessment.

Publications II and III resulted in the implementation of the hFigures library,
which has the potential to be used in both clinical and personal wellness applica-
tions. The visualization was perceived by the users to portray large datasets effec-
tively while preventing saturation of graphical elements on the screen. Keeping the
visualization devoid of clutter decreases the cognitive load required to make sense of
the data. Figure 7.1 shows an example of a large visualization of a modelled patient.
The comparison of multiple graphs can provide a meaningful visualization for indi-
viduals and clinicians alike. The implementation of hFigures follows an extensible
approach, and even though it was designed to be used for health data visualization,
any dataset that has a target range of values as a reference can be visualized.

Publication II presented a dynamic visualization of the health status of the mod-
elled patient. This was achieved by rendering graphs that respond to the user’s com-
mand when selecting the time span that is being analysed. Most clinical data sources
contain a timestamp that can be used in this way, to present users with a picture of
the overall condition of the patient at certain time intervals. The hFigures library
draws this essential attribute from EHR data.

In Publications II and III, users demonstrated high satisfaction with the usability
of the system, which indicates that the information visualization techniques used
in the system were successful. Moreover, this research strongly indicates that the
use of different methods and standardized questionnaires in the evaluation phase in-
creases the reliability of the results. In addition, the different tools produced similar
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Figure 7.1 A heterogeneous hFigures example. An overview of a modelled person comprising several
measurements with two time snapshots showing its evolution over time

results, which suggests that the tools perform in a similar way. The results also show
that successful visualization can assist individuals in better understanding health and
wellness data.

In Publication IV, a time-based visualization of longitudinal clinical data enabled
clinicians to better understand patient histories. The data visualization assisted the
participants in obtaining a greater understanding of the data (complete and accu-
rate), compared to the baseline representation. In some cases, clinicians were able
to understand the clinical history of the patients, formulate a diagnosis, and suggest
treatments. The study shows the need to use a structured assessment methodology in
the context of healthcare, to determine the extent to which a visualization can assist
clinicians in understanding data. Without an objective assessment, it becomes sub-
jective to state with confidence that one visualization is “useful” or “better”. Lam
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and colleagues [137], as well as Bertini and researchers, [138] also emphasise the
importance of structured assessment methods to evaluate data visualizations. This
study also serves as a documented example of a contextualized assessment of visual-
izations in order to provide a use-case evaluation that is based on a real-life scenario.
Even though the results of this study are encouraging, a larger study is warranted to
examine objective outcomes and the impact that clinical data visualization may have
on patient outcomes over longer periods of time.

7.3 Limitations of the studies

A small sample size reduces confidence in the conclusions that can be made based on
the results. However, many of the results from Publication I are in line with previous
studies, such as the graphical perception study by Cleveland and McGill [32]. The
data used was modelled by a clinician based on known patterns that tend to develop
T2D. In real-life data often times has a certain degree of noise. Dealing with missing
data entries, failure in sensors and borderline parameter values are real problems that
the study did not address. Visualizations should account for such cases and make it
clear either via annotations or visual cues so that clinicians are aware of these issues.

In the case of Publications I, II, and III, the participants were all recruited from a
technical university, and were all academically oriented. This reduces the ability to
generalise the conclusions to other user groups, including the general public.

The hFigures library used in Publications I and II does not retrieve data remotely
by itself, so data provision is the responsibility of the developer. Other libraries pro-
vide interface through HTTP(S) communication to an endpoint in order to retrieve
data. The information comes entirely from a data source file, which means that ad-
ditional information about the measurements cannot be supplied otherwise. The
extraction of the SVG file requires the export of the code embedded in the HTML
file. Currently, no automatic export function is implemented.

The clinical data used in Publication IV did not include diagnoses and notes taken
by the practitioners during previous consultations. This was deliberate, to allow the
participants to come up with their own conclusions and assessments.

In a real-life scenario, practitioners would have access to the diagnoses, notes, and
observations made by other clinicians. For the purpose of the study, this informa-
tion was excluded to test the effectiveness of the visualization itself. The insights for-
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mulated in the assessments were measurements that reflect the degree to which the
participants were able to understand the clinical data without any previous informa-
tion. This is not an entirely realistic scenario, but for the purpose of the experiment,
it allowed the study to emphasise the usefulness of the visualization.

The clinical data was comparable to the reality of the healthcare context because
it was extracted directly from real patients. In terms of complexity, the selected data
had a high degree of complexity in treatment, in-patient and out-patient events. This
was done to base the study on complex real-life scenarios.

To facilitate participation in the study of Publication IV, insight-based method-
ology was applied with the “thinking aloud process”. All the audio recordings were
transcribed for evaluation. The sample size and the clinical data used in this study
required a large number of working hours for the transcription and evaluation of
the insights. Increasing the sample size or number of participants would improve
the representation and statistical reliability of the results but at the cost of a greater
number of transcribing hours, which was beyond our resources. Therefore, the gen-
eralisation of this study may be limited, and further studies would be desirable to
confirm the findings.

Another limitation was the time available to conduct the assessments. Even with
the relatively brief time window of 30 minutes, it was not possible to recruit more
participants. This could probably be explained by the busy schedules of the psychi-
atrists.

The evaluation criteria, even though revised and peer-reviewed by domain ex-
perts, could also be subject to bias. A larger group of domain experts could provide
more objective criteria. It is possible that experts that were not acquainted with the
data might have provided better evaluation criteria, as these experts would have a
fresh look at the clinical data without preconceived notions.

Given the results obtained in Publication IV, further studies should be conducted
to test whether the timeline visualization can assist a larger group of experts in pro-
viding a higher quality of care to patients. Such a study would require a larger num-
ber of participants and patients, with the required ethical approval, as well as ran-
domized controlled trials.
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7.4 Directions for future research

Publications I and IV applied insight-based methodology to studies the reasoning de-
rived from the visualization and how this affects the clinical decision making process.
To the date of publication, these are the only instances in which a VDAR evaluation
has been used. As the literature survey shows in chapter 5, the prevalence of evalu-
ation in clinical data visualization studies is higher in recent articles. However, the
publications that do conduct assessments, do not compare the methods nor do they
justify the method selection.

Additional studies are needed to increase the understanding and importance of
clinical data visualization. Studies have suggested that it can aid in the process of
understanding large multidimensional data sets [10, 19]. This is a key component of
an effective decision support system, particularly in the case of clinical data, where
information gathering is often a challenge for time-constrained clinicians and health
practitioners. Additional studies are required to determine if insight-based method-
ology is the best fit from the VDAR scenario to properly study the effectiveness of
these visualizations.

Studies similar to publication IV provide a use case scenario close to practice in
healthcare. Due to the increasing demand for healthcare services and the limited
resources, specialists are likely to receive and treat patients they are not familiar with.
The study demonstrates that clinicians can gain the necessary knowledge to make
accurate assessments on patient status. Additional studies with a similar setup should
be conducted in the future to refine the evaluation methodology and establish good
practices when validating visualization software that supports the clinical decision
making process.

Publications II and III consist of the usability study on a wellness dashboard, visu-
alizing clinical and coaching activity data. The evaluation toolkit [76], as well as the
evaluations in the UP scenario [137], are well-documented frameworks for selecting
the appropriate assessment methods. Online usability questionnaires are useful for
practical reasons, because a usability expert is not required to be present during the
assessment. [76]. Questionnaires such as CSUQ and ASQ proved useful in the stud-
ies. However, additional evidence is needed to establish the benefits of using ASQ
for visualizing EHRs that assist in the clinical decision making process. Future stud-
ies should see an increase in online usability questionnaires as it is an efficient and
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convenient evaluation mechanism. Johnson and researchers already present substan-
tial cases that have relied on this method [76], and so similar evaluations of clinical
decision support tools can be expected.

The approach to visualizing clinical data looks increasingly like a combination of
several techniques, connected by interactive exploration. Rather than focusing on a
“silver bullet” to tackle the multidimensional nature of clinical data, future solutions
can consist of several visualizations suitable for different exploration tasks. Decision-
Flow is an example of combining visualization techniques [116]. New applications
could enable users to switch between modes to find the appropriate visualization to
explore the data and obtain the necessary insights to make better clinical decisions.
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8 CONCLUSIONS

The objective of this thesis is to develop a methodology that studies the reasoning
derived from the visualization and how this affects the decision making process at
an individual level. The literature survey in chapter 5 revealed that these studies are
uncommon. The gap that the thesis aims to bridge is to develop a methodology
that allows the assessment of clinical data visualizations in terms of their efficacy
in supporting clinical decision making. By applying a mixed research method of
qualitative and quantitative studies, this thesis provides a blueprint on the assessment
of data visualizations that support clinical decision making.

The experiments conducted required the use of methodologies that fall under the
category of VDAR and UP (including the cognitive walkthrough) [23]. These ex-
periments studied the data reasoning activities defined by Pirolli and Card [22]. The
scientific contribution of this thesis is the application of VDAR and UP evaluation
methodology in the context of visualizations that support the clinical decision mak-
ing process. By better understanding the reasoning derived from the visualization
and how this affects the clinical decision making process, researchers can improve
existing techniques to facilitate the process of making sense of data for clinicians. It
can be expected that better visualizations that are scientifically tested to ease cogni-
tive burden on clinicians, may lead to better diagnosis and better patient outcomes.
The experiments documented in the studies compiled for this thesis, required the
implementation of computerized visualization systems.

The key findings of this theses can be summarized as follows:

• Visual analytical and reasoning evaluation methods are mostly missing from
current studies that aim to study the reasoning derived from visualization and
how this affects the clinical decision making process.

• Insight-based methodology identified visualizations that positively affect the
decision-making process for non-medical experts. The results obtained from
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the comparison of five visualizations corroborate the previously established
framework of graphical perception [32].

• Radar plots have the highest potential for representing clinical data, which by
nature are large and multidimensional. As an example the hFigures library
was developed to build on the interactivity of web software to enhance the
capabilities of radar plots.

• UP evaluation methods with cognitive walkthrough can be used to assess the
interaction features of a visualization and how these affect data analysis and rea-
soning. A software for continuous monitoring of health and wellness proved
to be satisfactory in accommodating complex data, according to UP and cog-
nitive walkthrough evaluations.

• VDAR evaluation methods are suitable to assess the efficacy of data visualisa-
tion techniques on clinical decision making.

• Timeline representation of clinical data proved to be effective. Insight-based
methodology was used to measure its impact on the clinical decision making
process. The software allowed for interactive actions that support data analy-
sis while effectively representing the clinical history of a patient, encouraging
data exploration and hypothesis generation.
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The Shape of Health: A Comparison of Five Alternative Ways of
Visualizing Personal Health and Wellbeing*.

Andres Ledesma1, Student Member IEEE, Hannu Nieminen1, Päivi Valve1,2,
Miikka Ermes3, Holly Jimison4, Member IEEE and Misha Pavel4, Senior Member IEEE

Abstract— The combination of clinical and personal health
and wellbeing data can tell us much about our behaviors, risks
and overall status. The way this data is visualized may affect
our understanding of our own health. To study this effect, we
conducted a small experiment with 30 participants in which we
presented a holistic overview of the health and wellbeing of two
modeled individuals, one of them with metabolic syndrome. We
used an insight-based methodology to assess the effectiveness of
the visualizations. The results show that adequate visualization
of holistic health data helps users without medical background
to better understand the overall health situation and possible
health risks related to lifestyles. Furthermore, we found that
the application of insight-based methodology in the health and
wellbeing domain remains unexplored and additional research
and methodology development are needed.

I. INTRODUCTION

Modern medicine is constantly moving towards a preven-
tive approach. As stated by Rose [1], “common diseases have
their roots in life-style, social factors and the environment,
and successful health promotion depends upon a population-
based strategy of prevention”. Self-management of health
and wellness plays a key role in making this happen.

A holistic description of health should ideally combine
together several measures of physical, mental and social
wellbeing [2]. Individuals already start to have access to a
wealth of multimodal health-related data e.g. from personal
wellness devices, health records, genetic tests and mobile
wellness applications. This information, when combined
together, can be utilized both to empower people to monitor
their evolving health [3] and to enhance the healthcare
process. However, understanding the status of a person’s
health and the underlying factors behind the data is not easy,
especially for the non-experts. Presenting this information in

*This research was supported jointly by TEKES (the Finnish Funding
Agency for Technology and Innovation) as part of the Digital Health Revolu-
tion and FiDiPro (Finland Distinguished Professor Programme) projects and
the European Commission and TEKES under the ARTEMIS-JU WithMe
project.
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a comprehensive and meaningful way is an ongoing effort
and an open challenge [3].

As an example, TimeLine [4] is a software tool that
organizes medical records and provides a “problem-centric
temporal visualization”. Lesselroth and Pieczkiewicz [5]
conducted an extensive literature survey on strategies for the
visualization of personal health data. They argue that “smart
dashboards” combining different data sources are needed to
improve the understanding of our health. Although various
graphs, stylized presentation and textual feedback have been
addressed in studies [6], visualizations combining multiple
data sources that enable inferences are mostly lacking [3].
Health applications enabling to identify connections that
are significant over time have been shown to increase the
user’s self-understanding [7]. Goetze [8] has shown that
the style of the presentation of data greatly affects the
understanding of our health. The hGraph [9] is an example of
a visual representation of a patient’s health status, designed
to increase awareness of the factors that can affect one’s
overall health.

Graphical perception, defined as “the visual decoding
of information encoded on graphs” [10], has been widely
studied and researched [11]. This paper focuses on evaluating
how the participants identify the underlying reasons of the
health situation of a person represented as a set of measure-
ments. We study how the visual representation of holistic
health data affects the capability of non-medical experts to
derive insights. Insights aim to see “beyond the figures”
by identifying relationships between the measurements and
understanding the underlying reasons for the values. We also
consider the effect of health literacy in this study, which is
defined as “the degree to which individuals have the capacity
to obtain, process, and understand basic health information
and services needed to make appropriate health decisions”
[12].

II. METHODS

We recruited 15 female and 15 male participants from
9 different countries. We used the local bulletin board to
advertise the study. Participants having earlier expertise in
health data analysis and visualization were excluded from
the study. The students signed up using a Doodle poll. The
experimental procedures described in this paper complied
with the principles of Helsinki Declaration of 1975, as
revised in 2000. All subjects gave informed consent to
participate and they had a right to withdraw from the study
at any time. Their information was anonymized prior the
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Fig. 1: The blood pressure measurements represented using the angle, area, length and position.

analysis. The participants received a movie ticket at the end
of the session.

A. Datasets Used in the Study

We modeled two datasets of measurements to describe two
different health situations. The first dataset modeled a person
with a poor overall health condition with a clear indication
of a metabolic syndrome and therefore a high to very high
risk of developing Type 2 Diabetes (T2D), based on the
calculator in [13]. The second set modeled a person with
a good health condition and with a healthy lifestyle. The
participants focused on the modeled person with metabolic
syndrome to derive their insights, and the other person was
used as a comparison point.

The following health parameters (average values of past
month) were chosen to describe their health and wellbeing:

• Blood pressure: systolic and diastolic blood pressure
• Physical activity: weekly active days, steps per day
• Body composition: Body Mass Index (BMI), waist

diameter and fat percentage
• Sleep: time in bed, time asleep
• Fitness: resting heart rate, fitness index, muscular force,

muscular endurance and balance [14]
• Lab Tests: hemoglobin, fB-Gluc, cholesterol, HDL,

LDL, triglycerides
• Drugs: tobacco (cigarettes per day), alcohol abuse, drug

abuse (narcotics), medication abuse
• Emotional wellbeing: depression level (DEPS), stress

level and stress recovery [15] as well as optimism [16].
Healthy ranges for each parameter, derived based on the

national clinical health recommendations [17], were visual-
ized with a light green background. This concept was also
explained to the study participants.

B. Visualizations

We utilized the generic visualization framework proposed
by Cleveland and McGill [10] to design four different
visualizations (Fig. 1). In addition, we included the polar
coordinate style “hGraph” [9] visualization, to assess it
against the framework of Cleveland and McGill.

1) Cleveland and McGill Framework:
a) Angle: The degree of the angle represents the value

of the measurements. Figure 1a shows the lines with an angle
as a representation of the blood pressure.

Systolic 137 mmHG

Diastolic 88 mmHG

Blood
Pres-
sure

Blood
Pres-
sure

Fig. 2: The hGraph representation of the data with two example labels.

b) Area: The size of a shape represents the value
of the measurements. Figure 1b shows the blood pressure
represented as squares where the size represents the value.

c) Length: The length of the line represents the value
of the measurements. Figure 1c shows the length of the lines
representing the values of the blood pressure.

d) Position Along Aligned Scales: The value of a
measurement is represented by the position. The position
of the circles in figure 1d represent the values of the blood
pressure.

2) hGraph: The design emphasizes the presentation of
a large number of parameters and how they conform a
holistic overview of the health of a person. Figure 2 shows
the hGraph of the modeled data with metabolic syndrome.
Multiple parameters are arranged as polar coordinates and
a figure connecting the coordinates shows how well the
measurements are with respect to the recommended values
(green area).

3) Control Group: The control group received a table with
numeric values. These participants relied only on numeric
values and recommended ranges.

C. Experiment Protocol

The experiment started with a self-assessment of partici-
pants’ knowledge on health and wellbeing, i.e. their famil-
iarity with health and risk behaviors (diet, sleep, physical
activity, etc) and how they affect one’s health and wellbeing.
Additionally, we asked the participants how familiar they
think they are with the risks of developing T2D.
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Block randomization, where only one of the visualizations
(or the table) was shown to each subject, was utilized. We
used a web browser to render the graphics (JavaScript and
SVG). The whole session was recorded with a video camera.

We applied the insight-based methodology proposed by
North [18]. We asked the participants to “see beyond the
figures” and explain the relationships between the measure-
ments in order to gain understanding of the health situation as
well as to identify the possible underlying reasons. We asked
the subject to tell us as many insights as possible within ten
minutes. Participants were encouraged to use a think aloud
process.

Afterwards, we asked the participants to perform an in-
vestigative analysis [19] by assessing the overall health and
wellbeing as well as the risks of developing T2D of the two
datasets. We used a scale of five for both tasks. The options
for the overall health and wellbeing assessment ranged from
“Very Poor Health” to “Very Good Health” and for the T2D
risk from “Very High Risk” to “Very Low Risk”.

We used depth and complexity [18] to evaluate the in-
sights. Similar to [20], we used a five-point scale. Clinically
incorrect insights did not give any points. Superficial insights
that stated e.g. that a value is low or high were rated as one
point. Assumptions and relationships between measurements
were rated as a value of two. For instance, we assigned two
points if the participant mentioned that some measurements
are related or that “the person does not exercise” with no
explanation. Explanations of the insights were rated as three
points. The explanations had complexity, depth or both. For
our case, complexity refers to the relationships between
measurements and depth to the underlying reasons of the
values. When a participant formulated a hypothesis that
described the relationship of measurements and the possible
reasons behind the values, we evaluated the insight with four
points. In order to obtain five points, the participants had
to relate all the measurement groups in a single hypothesis
explaining the underlying reasons for the values. The insights
were evaluated blindly by the authors of this article following
the before-mentioned criteria.
TABLE I: Proportion of correct assessments of the T2D risk and overall
health at different levels of self-assessed familiarity with T2D risk factors
(Health Literacy).

Familiarity Risk (%) Health (%)
Very familiar (1) 100% 100%
Familiar (8) 100% 75%
Somewhat familiar (10) 90% 80%
Slightly familiar (8) 75% 50%
Not familiar at all (3) 66% 33%

III. RESULTS AND DISCUSSION

Correct assessment of T2D risk and overall health de-
pended on the participants’ familiarity with T2D risk factors
(see table I). The correct assessment of overall health and
the general knowledge on health and wellbeing did not have
such dependency (data not shown). Therefore we selected
familiarity with T2D risk factors as our measure of Health
Literacy.

Figure 3 shows the assessments of the overall health with
different visualization techniques. The area had the least
correct assessments as shown in figure 3b. Figure 3a and
3c show that the angle and hGraph supported participants
with low Health Literacy to assess the dataset correctly, as
compared with lenght and position. Additionally, figure 3f
shows that the table also supported correct assessments.

(a) Angle

(b) Area

(c) hGraph

(d) Length

(e) Position

(f) Table

0s 100s 200s 300s 400s 500s 600s

Fig. 4: Time to first insight value three and time to first hypothesis are
shown as blue and white circles respectively.

As in Saraiya et al. [20], we computed the time to the
first insight. We used the time to first insight of value three,
namely when a participant was able to give explanations
substantiating the observation. Figure 4 shows the time to
first insight of value three as a dot and the time to the first
generated hypothesis (insight values as 4 or 5) as a circle. In



some cases participants were not able to generate hypothesis
or formulate insights of value three at all (as in figure 4d).

Four out of five participants that used the position and
hGraph generated hypothesis, figure 4c and 4e. Participants
using the hGraph generated six hypotheses in total, while
participants with the angle and position generated a four
each, see table II. The participants using the table generated
a total of four hypotheses, however one participant generated
3 of them.

The average time to insights value three or more is also
shown on table II. The longest average time occurred using
the area, table and length. The speed is similar to Cleveland
and McGill’s results [10] except for the length. However, the
lowest Health Literacy was observed in this group.
TABLE II: The table shows the average time to first insight of value three
or more, the average Health Literacy of the participants, the number of
hypothesis (insights value four or five) in total and per participant.

Visualization Time (s) Health
Literacy

Hypothesis
Total Per participant

Angle 98 3.2 4 (0,0,2,1,1)
Area 144 3.0 3 (0,0,2,1,1)

hGraph 128 3.2 6 (2,0,1,2,1)
Length 139 2.0 3 (2,0,1,0,0)
Position 57 2.6 4 (0,1,1,1,1)

Table 141 3.2 4 (0,0,1,0,3)

The evaluation methodology gives low points to obvious
insights, such as “physical activity seems to be low, the
patient should start exercising more”. However, such insight
is clinically valuable. Therefore, future work is needed to
further develop the methodology.

IV. LIMITATIONS

All the participants in our experiment had an academic
degree and in some cases an engineering background. The
sample of 30 participants cannot be representative of a wider
population.

V. CONCLUSIONS AND FUTURE WORK

In this paper we applied the insight-based methodology
for the health data visualizations. Adequate visualization of
holistic health data was shown to help users without medical
background to better understand the overall health situation
and possible health risks related to lifestyles. Visualizations
could also be valuable tools for the medical experts to
enhance the healthcare process.

At the end of the experiment session, participants selected
three visualizations that would have helped them better
perform in the previous tasks. We also administered a short
form of Raven Advanced Progressive Matrices test [21].
Further study will be addressed in future research.

We evaluated the insights using an informed but subjective
assessment based on the principles from North [18]. For fu-
ture work, we aim to measure the insight value by modeling
prior and derived knowledge. This model may provide a
more accurate and reliable estimate of the performance of
different health data visualizations. The goal is to provide
customizable visualizations to support better understanding
of personal health and wellbeing.
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Abstract— Efficient ways are needed to visualize the health
status of a person and how the lifestyle, daily choices and
health care actions are affecting it. Current systems lack a
comprehensive interface for interaction and exploration of large
and complex data and events affecting the data. Based on state-
of-the-art data visualization techniques, we implemented and
user tested a system that visualizes health data holistically over
time. The system focuses on the dynamic changes by using
a timeline of events affecting the overall health status. We
conducted an extensive user testing process involving surveys,
heuristics and observations in order to evaluate our system. The
results show that our system has a high level of User Satisfaction
while providing an adequate understanding, interaction and
navigation of the data.

I. INTRODUCTION

The World Health Organization estimates that 77% of
diseases in Europe relate to a “chronic diseases” [1]. The
“majority of type II diabetes, coronary heart disease and
strokes” can be avoided by putting “more effort on preventa-
tive health care” by “supporting the behavior change towards
healthier” lifestyles reducing “significant costs” [2].

To be able to follow up the health progress, we need
efficient ways to visualize the holistic health status of a
person and how lifestyles, daily choices and health care
actions affect it. Health care professionals also need this
information, including for example health coaches, nurses
and physiotherapists. A holistic description of health and
its progress should combine together different measures of
physical, mental and social wellbeing [3][4]. This description
should also link the measures to the daily choices and
interventions utilized to improve the health.

Good usability is essential to ensure that the information
can be understood and effectively utilized by the different
users. In the 21st century, the growing use of information
technology in health-related fields has resulted in increased
significance of evaluation studies in usability [5].

Many “studies suggest that healthcare information systems
suffer from numerous usability problems” [6]. Usability
issues are especially critical for data visualization, which is
a vital building block for ease of use, user satisfaction, and
efficiency [7].

Effective visualization enables both, health care providers
and patients, to gain better insight into the holistic health
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Processing, Tampere University of Technology, Tampere, Finland
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data, enabling better management of the patient [8]. Graphi-
cal visualizations can significantly assist in decision-making
processes reducing the cognitive load on the caregiver by
presenting holistic overviews of a patient’s data [9][10][11].

We built an information system for the continuous visual-
ization of health status and events potentially affecting it.
The system visualizes the data sets comprising a holistic
overview of the patient state. The system represents events
that affect the health status as timeline elements. These
events are e.g. daily actions the user does with a goal to
improve his health (health interventions), laboratory tests,
visits to a doctor, or medication. Health interventions are
typically linked to participation in health coaching, selfcare
or homecare programs. The integration of the system resulted
in a full scale application that visualizes holistic health and
related events. As an example use case, we modeled a health
coaching program targeted for patients with an increased risk
for cardiovascular diseases.

We conducted an evaluation of the system with general
and expert users, using three different methods, namely
heuristic based expert evaluation, survey, and observation.
Standardized usability questionnaires [12][13][14] were used
as a technique to measure different usability metrics and
overall user satisfaction. Additionally we compared the re-
sults between them in order to obtain higher reliability of the
data and to assess the performance of these questionnaires.

II. DESIGN AND IMPLEMENTATION

We designed a system comprised of three parts repre-
senting health data over time. Two components represent
a snapshot of the status of a modeled patient’s health and
wellbeing at a given time. The third component represents
the dynamic behavior of events affecting the status of the
modeled patient.

a) Health Figures: A previous study [15] showed that
the Health Graph (hGraph) developed by Sonin and Follet
[16] encouraged the greatest number of insights about health.
This data visualization is based on polar coordinates where
each point represents a measurement positioned between an
area representing the optimal value range. Inspired by the
hGraph, we integrated the Health Figures (hFigures) library
[17] which allows multiple graphs, animations and color
coded points.

b) Curves as Time Series: This component represents
the time series values of the measurements with a minimum
and maximum recommended range. This component is a
sequential longitudinal representation of the measurements.



Fig. 1: The implemented system. The hFigures (upper left corner) displays measurement labels when zooming into figure.

c) Timeline: We used a timeline to represent a series
of events that affect the values of the measurements. In the
case of our study, the health coaching program has a series
of tasks with a different degree of completion affecting the
overall health situation.

A. Data Model

We modeled the visualized data as measurements and
health coaching interventions of a patient at risk of develop-
ing type II diabetes. The following parameters were used to
represent the patient’s health:

• Blood pressure: systolic and diastolic blood pressure
• Physical activity: weekly active days, steps per day
• Body composition: Body Mass Index (BMI), waist

diameter and fat percentage
• Sleep: time in bed, time asleep
• Fitness: resting heart rate, fitness index, muscular force,

muscular endurance and balance [18]
• Lab Tests: hemoglobin, fB-Gluc, cholesterol, HDL,

LDL, triglycerides
• Nutrition: meal regularity, type of meals (vegetables and

fruits), sugar intake, fat quality, fiber and salt intake.
• Drugs: tobacco (cigarettes per day), alcohol abuse, drug

abuse (narcotics), medication abuse
• Emotional wellbeing: depression level (DEPS), stress

level and stress recovery [19] as well as optimism [20].

The recommended values were derived from the Finnish
Medical Society Duodecim [21].

III. METHODS

We designed a user evaluation study and recruited 14
participants. Three of them were experts in usability. All
participants had university level education. The purpose of
the evaluation study was to obtain insights from expert
and non-expert users regarding the usability of the data
visualization of the system. The aim was to obtain better
understanding of the effectiveness of the system as a tool to
provide users a graphical understanding of the health data
and the events that affect it. Our user evaluation had the
following goals:

1) Identify any usability issues such as System Useful-
ness, Information Quality, Interface Quality, User Sat-
isfaction, Ease of Use, Ease of Learning, Effectiveness,
and Efficiency.

2) Assess the user performance.
3) Identify the tasks and functions which present chal-

lenges to the user.
4) Identify aspects that need further development.
5) Assess and compare the overall user satisfaction to-

wards the solution between different self-supported
metrics techniques, and assess the performance of the
standard questionnaires used in the study.

We used three methods in the user evaluation study,
namely usability heuristics [22], survey, and observation. The
usability heuristics method was used only with individuals
experienced in human cognition and interface design rules.
The aim was to identify usability problems in the user
interface and to obtain suggestions for corrective action. The
Walk-through technique and the Heuristic questionnaire were



used as techniques for this method.
We used the Survey method with all participants to mea-

sure user satisfaction in different usability metrics. We used
two techniques for this method, namely interview and stan-
dard usability questionnaires - After-Scenario Questionnaire
(ASQ), Computer System Usability Questionnaire (CSUQ),
and USE Questionnaire - and compared the overall user
satisfaction results between the different questionnaires. The
questionnaires use a 7-point Likert scale, where 1 means
’Strongly disagree’, and 7 means ’Strongly agree’.

We used the Observation method with all participants
to collect information about the interaction between the
participants and the system. The techniques we used in this
method were direct observations, note keeping and video
recording. Table I illustrates the techniques and types and
number of participants for the different methods.

TABLE I: Test methods, techniques, types and number of participants.

Method Techniques Participant Type # Participants
Heuristic Walk-through Expert 3

Questionnaire
Survey Interview Expert/ 14

Questionnaires General users
Observation Direct Observation Expert/ 14

Notes and General users
video recording

We developed three scenarios comprised of tasks orga-
nized in order of difficulty, with the easiest task first. The
tasks consisted of a set of questions that the participants
answered by using the system (interactive exploration of the
data set). Two of the three scenarios contained questions
related to the understanding of the hFigures data visualization
that represents the overall health status at a certain moment.
The third scenario contained questions related to the Time-
line component which represents the series of events that
affect the overall health status continuously.

We conducted the evaluation in a controlled environment,
where one participant at a time conducted the series of
tasks and questionnaires accompanied by one researcher.
Each participant was sitting in front of a computer with
a video camera recording the session. In the beginning of
the session, an introduction of the study was given, and the
participant read and signed an informed consent form. We
also collected information about the participants, such as
age, gender, and possible prior experience in using health
and wellness software. The participants were able to ask
questions at any time during the session.

The participant spent five minutes exploring the solution
using a thinking aloud process. Afterwards, the scenarios
were explained and the tasks given. After finishing the tasks
of each scenario, the participant was requested to answer
the ASQ and to provide feedback regarding the scenario and
tasks. At the end of the session, the participant answered the
CSUQ and USE Questionnaire. Participants also provided
feedback regarding the system. Expert participants conducted
a walk-through process of the system and answer the ten-
question heuristic questionnaire in order to evaluate the
user interface and to spot possible problems not necessarily
discovered by the non-expert participants.

System Usefulness, Information Quality and Interface
Quality are the main three metrics that can be obtained by
examining the CSUQ. The four internal metrics or subscales
of the USE Questionnaire refer to System Usefulness, Ease
of Use, Ease of Learning, and User Satisfaction. User sat-
isfaction was also measured after each scenario by using
an ASQ. This questionnaire addressed the issues of ease of
completing the tasks, i.e. effectiveness, and amount of time
it took to complete the tasks, i.e. efficiency.

IV. RESULTS AND DISCUSSION

Based on the evaluation data analysis, using averaging of
the values from the standard questionnaires, the evaluation
study revealed that users were generally satisfied with the
solution. From the standard questionnaires used in the study,
it can be seen that satisfaction with the usability of this
solution was positive in all the metrics measured.

As Table 2 below shows, the satisfaction rate was highest,
above 6 out of 7 in the Likert scale, with efficiency (6.60) and
effectiveness (6.55), ease of learning (6.50), interface quality
(6.24), and system usefulness (6.13). Further modifications
and development of the system are needed in the spheres
of ease of use and information quality, which scored 5.94
and 5.66 respectively, by addressing the issues which the
participants disliked in the system.

TABLE II: Usability metrics summary for the solution.

Metric Average response Standard deviation
System Usefulness 6.13 .930
Information Quality 5.66 1.20
Interface Quality 6.24 .999
Ease of Use 5.94 1.05
Ease of Learning 6.50 .620
Effectiveness 6.55 .739
Efficiency 6.60 .587

When comparing the overall user satisfaction results ob-
tained by utilizing different self-reported metrics tools, it
can be seen that the results are relatively uniform, with
little dispersion between them, and a relatively low standard
deviation rate, as shown in Table 3. This indicates high
reliability of the results obtained from the participants.

The Nielsen heuristic questionnaire was answered by the
three expert participants. All experts agreed or strongly
agreed on all but one of the indicators. One expert found
the system to require extensive use of his memory. This
expert needed to spend time to distinguish which lines in the
hFigures corresponded to the specific times in the Timeline.

TABLE III: The overall user satisfaction result of the questionnaires.

Questionnaire Type Average response Standard deviation
After-Scenario Questionnaire 6.46 .531
Computer System Usability 6.02 1.04
USE Questionnaire 6.11 .816
Nielsen heuristic evaluation 6.30 .562

User performance was measured utilizing the method of
observation, and we analyzed the data and obtained the
following results. With regard to scenarios and tasks that
focused on the Progress data component, all 14 participants
completed all the tasks successfully, with only a few non-
crucial errors in total, and with most of the tasks completed



within benchmark time. Benchmark times were selected
based on estimated average completion time, and the required
level of interaction with the system. The results for the
scenario and the related tasks focusing on the components
of hFigures and Curves showed that 75% of the tasks
were successfully completed by all 14 participants. Finding
the measurements in the area of health in the hFigures
component proved the most difficult one for the participants,
with 3 out of the 14 not completing the task. Only 3 out of
8 tasks were completed without non-crucial errors, but the
number of errors was small in the remaining five tasks and
did not significantly hamper the accomplishment of the task.
The average benchmark time was exceeded only in 3 tasks,
and even in two of them only slightly.

After analyzing all the data and feedback from the partic-
ipants, the following areas of improvement were identified.
The three most urgent issues need to be solved to improve
user interaction with the system and to increase the users
ability to complete their tasks expediently using the system
without excessive load on the memory. These issues were:
1. In hFigures, when people click on the measurement, the
title of the measurement is not visible due to insufficient
zooming; 2. People face difficulty to distinguish between the
two specific moments of time between which they choose
to compare the health status in hFigures; 3. People need a
tutorial or help document.

These issues could be addressed by displaying titles of
the measurements when users click on them, adding legends
or labels in the hFigures to distinguish between the two
moments in time, and implementing a help document to
explain the purpose of each part of the solution.

V. CONCLUSIONS AND FUTURE WORK

Users demonstrated high satisfaction with the usability of
the system, which indicates that the information visualization
techniques used in the system were successful. Moreover,
this research strongly indicates that the use of different
methods and standardized questionnaires in the evaluation
phase increases the reliability of the results. In addition, the
different tools produced similar results, which suggests that
the tools perform in a similar way. The results also show that
successful visualization can assist individuals to understand
their holistic health and wellness data.

The evaluation study was conducted on people with a
certain level of education, which may present certain bias.
It would be beneficial to conduct an evaluation study with
small groups of individuals representing different levels of
education and computer literacy, and potential real users,
such as patients, nurses, and trainers. Other further work
could include evaluating the design of the interface on
devices with different screen sizes, such as tablets and smart
phone. The application’s interaction through touch screen
technology should be carefully assessed. For smart phones,
a new interface, designed for smaller screens, should be
designed, implemented, and evaluated, putting emphasis on
the context of use.
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Abstract

Background: The way we look at data has a great impact on how we can understand it, particularly when the data is
related to health and wellness. Due to the increased use of self-tracking devices and the ongoing shift towards
preventive medicine, better understanding of our health data is an important part of improving the general welfare of
the citizens. Electronic Health Records, self-tracking devices and mobile applications provide a rich variety of data but
it often becomes difficult to understand. We implemented the hFigures library inspired on the hGraph visualization
with additional improvements. The purpose of the library is to provide a visual representation of the evolution of
health measurements in a complete and useful manner.

Results: We researched the usefulness and usability of the library by building an application for health data
visualization in a health coaching program. We performed a user evaluation with Heuristic Evaluation, Controlled User
Testing and Usability Questionnaires. In the Heuristics Evaluation the average response was 6.3 out of 7 points and the
Cognitive Walkthrough done by usability experts indicated no design or mismatch errors. In the CSUQ usability test
the system obtained an average score of 6.13 out of 7, and in the ASQ usability test the overall satisfaction score was
6.64 out of 7.

Conclusions: We developed hFigures, an open source library for visualizing a complete, accurate and normalized
graphical representation of health data. The idea is based on the concept of the hGraph but it provides additional key
features, including a comparison of multiple health measurements over time. We conducted a usability evaluation of
the library as a key component of an application for health and wellness monitoring. The results indicate that the data
visualization library was helpful in assisting users in understanding health data and its evolution over time.

Keywords: Data visualization, Health data, Health informatics, Javascript

Introduction
The ongoing shift from reactive to preventive medicine
requires that citizens have the skills and means to take an
active role in developing and maintaining their wellness.
Use of self-tracking devices and personal wellness appli-
cations is more and more common, ranging from sports
tracking applications to personal genome sequence anal-
ysis services. These services and devices produce large
amounts of data. In addition, Electronic Health Records
are increasingly replacing paper records in hospitals and
clinics around the world. The combination of these large
and heterogeneous data sources is expected to provide

*Correspondence: andres.ledesma@tut.fi
Department of Signal Processing, Tampere University of Technology,
Korkeakoulunkatu 10, 33720 Tampere, Finland

a “predictive, preventive, personalized and participatory”
ecosystem for the benefit of the general welfare [1].
To better understand our health, we need to combine

heterogeneous data sources and present the information
to the user in a complete and accurate manner. In order
to accomplish this, health information technologies and
visualization design need to be integrated [2]. The goal
is to provide tools for individuals to take better deci-
sions regarding their health. Similarly, doctors and other
medical experts need tools and solutions for getting a
complete and accurate view of the patients health, com-
bining together patient’s own measurements and clinical
data.
An innovative approach for health data visualization is

the Health Graph (hGraph), released publicly by MITRE
corporation [3]. In an earlier study [4], it was found
that the hGraph-type radial plot can enhance deep

© 2016 Ledesma et al. Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.
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understanding of health data and enable the user to create
meaningful health insights based on the interrelationships
between themeasurements. However, the hGraph shows a
static overview of a persons wellness. Disease and wellness
are processes that change over time. It is also essentially
important to be able to follow up the trajectories in the
different parameters, what is the rate of the change and
how they respond to events such as medical care actions
and interventions. Thus, in addition to a static snapshot
such as in hGraph, a temporal way of presenting the data is
also needed. While hGraph visualization is useful for the
purpose of understanding with a quick glance the over-
all situation, it lacks features such as a clear division of
measurements according to their category, a distribution
of the labels to avoid clutter and the notion of time or
evolution of the data [4].
In this article we present a visualization library based

on extending the core ideas of the hGraph. Aim of the
library is to provide tools to assist experts and non-experts
in the decision making process of assessing the situa-
tion of a patient and its evolution over time. To test the
user satisfaction, ease-of-use and usefulness of the solu-
tion, we built an application for health monitoring using
the visualization library. The application is a visualization
tool that shows a health coaching program and its effects
on the evolution of health and wellness of a modeled
patient.We evaluated the software solution using usability
tests (Heuristic Evaluation, Controlled User Testing and
Usability Questionnaires).
First in this article we review the state-of-the-art on

health data visualizations and describe the hGraph and
results related to its usability and usefulness, which moti-
vated us to develop hGraph further. We named the new
library built on top of the hGraph core ideas as hFig-
ures. The article details the design and implementation
of the hFigures library, the features we implemented and
how they address the users’ needs. We also describe the
usability test process we utilized to assess the library in
the context of an application for health monitoring. We
present the results and discuss the further improvements
of the library and its pitfalls. We also discuss how this
library can be used in Personal Health Informatics and in
the Health Care processes.

Background
Visualization tools have mostly focused on Healthcare
Information Systems and Electronic Health Records
(EHR) [2]. For instance, TimeLine is a software devel-
oped to retrieve data from several sources and presented
in a hierarchical and timeline based structure where clin-
icians can browse chronologically through existing EHRs
including MRI [5].
Additionally, the growing market for mobile health

applications (mHealth) have drawn the attention of

researchers, developers and investors [6]. These applica-
tions provide large volumes of personal health data.While
the market and demand are expected to grow, the use
of the data has the potential to contribute to a better
understanding of our health.
Goetze [7] demonstrated the impact of data visualiza-

tion as means to represent health data in a complete and
accurate manner. He conducted a project that redesigned
laboratory test results from numerical tables into colored
graphics. He demonstrated that the patients were able to
understand better their health situation when presented
with the new designs.
Data integration for health monitoring as a Big Data

process for personalized medicine has been approached
by Idris et al. [8]. The visualization of this information uses
traditional bar and pie charts to report to the user a his-
torical view of a variety of data including mental, social,
physical aspects. The novelty of this work is the integra-
tion of heterogeneous data sources while the presentation
of the information was done following existing graphical
representations.
An extensive choice of graphical representation is listed

and explained by S. Few [9]. These techniques have been
studied and used widely among researchers and individu-
als alike. Examples include: bar, stacked bar, line and bullet
graphs. These visualizations can be combined to provide
a personalized wellness indicator system, as proposed by
Soomlek and Benedicenti [10].
DeRidder et al. developed a combined approach that

retrieves data from Personal Health Records (PHRs), and
presents them to individual patients using a “3D medical
graphical avatar” [11]. The solution is built using HTML5
andWebGL to render 3D graphics using the web browser.
Patients can browse “regions of interests” on their avatar
and explore further the information contained in EHRs as
well as in PHRs.
As stated by Shneiderman et al. [12], new visual rep-

resentations are needed for “systematic yet flexible visual
analytics processes”. We present an existing tentative solu-
tion known as the hGraph, released publicly by MITRE
corporation. We describe its main advantages and how
they can address these challenges. In a previous study
[4] we identified possible improvements and based on
our own implementation we addressed these issues and
extended the features of the hGraph to better address large
data sources.
However, a data visualization is only as good as the abil-

ity of the intended audience to decode graphical objects
into numerical values which conveys a clear message.
Therefore, we have to consider the graphical perception
of the users who will benefit from the data visualiza-
tion. Graphical perception is the ability of an individual
to decode the information displayed as graphical objects
[13], it has been a widely researched field [14]. Graphical
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perception affect how we understand visualized informa-
tion. In the context of health data, it remains a challenge to
design graphical representations for non-medical experts.
Graphical representations in this context should enhance
the users’ ability to understand their health situation and
take informed decisions. With this “deep” understand-
ing on the health situation, individuals can move towards
healthier behaviors.
The graphical representation of health data requires

a complete and accurate overview of a patient often
including large amounts of measurements, which in turn
translates to large datasets. Therefore, health data visual-
izations need to scale to accommodate large datasets.

Radar visualization
Radar visualization scales to large amounts of data entries
because the points are distributed among the circumfer-
ence. Bar charts, lines or scattered plots, pie charts and
similar visualizations can quickly grow to a large scale
with large datasets. In the case of radar visualizations, the
graphical representation scales with the number of points
plotted causing the circumference to grow in order to
accommodate all the plotted values.
Hoffman et al. seem to have coined the term of “radial

visualization” [15, 16]. The term was the foundation of “
pie chart, starplot, and radar plot” which are the basis of
“virtually all the radial visualization methods found in the
state-of-the-art research” [16].
Draper et al. propose a classification of radial visual-

izations into “three main divisions” each comprised of
“design patterns” [16].

Polar plots
These are radar visualizations where the center is the
starting point from which “line segments” originate [16].
According to this classification, polar plots are divided
into Tree and Star patterns.
Trees have segments that “branch off” and are mostly

used for visualizing hierarchical data [16]. Examples
include Moiregraph [16, 17] and the Hyperbolic Browser
[16, 18].
Stars do not have branches but rather straight segments

originating from the center, their common uses include
“ranking of search results” and “viewing relationships
among disparate entities” [16]. Examples of star patterns
include Starstruck [16, 19] and Neighbourhood Explorer
[16, 20].

Space filling
Also referred to as Radial Space Filling (RSF) [16, 21], this
category comprises the visualizations that fill “most or all
of the area of a circle” [16]. The classification identifies
three patterns: Concentric, Spiral and Euler. These pat-
terns are mostly used for visualizing hierarchical data and

“viewing relationships among disparate entities”, except
for the Spiral pattern which is used to visualize “serial
periodic data” [16].
Concentric pattern have an “origin at or near center

of canvas” from where rings are plotted outwards and
“each ring divided into multiple sectors” [16]. Filelight is
an example of concentric pattern and it is a “filesystem
browser based in part on the Polar TreeMap metaphor”
[16, 22].
Spiral pattern consists of a “spiral-shaped glyph” that

starts from the center of the canvas [16]. Certain pat-
terns can emerge when arranging the data according to
its periodicity, as observed by Carlis and Konstan [16, 23].
RankSpiral is an “interface for search engines” developed
using Spiral patterns [16, 24].
Euler pattern has “multiple circles placed inside (or adja-

cent to) a larger circle” often linked to represent a nested
visualization of a hierarchy [16]. An example is Zoomol-
ogy, which uses the “outer ring” as the actual root of
the hierarchical structure where “each node’s children are
rendered as inner circles” [16, 25].

Ring
The Ring visualization distributes the nodes “around the
circumference” and its common use is to identify relation-
ships between the nodes [16]. The classification divides
this group into Connected and Disconnected Rings.
Connected Rings have the nodes connected by “line

segments” and in some cases “additional nodes” are posi-
tioned in the “ring’s interior” [16]. A popular example is
the Circos visualization tool for “identification and anal-
ysis of similarities and differences arising from compar-
isons of genomes” [26].
Disconnected Rings follow the same principle but the

nodes have no connections between them, thus repre-
senting large datasets without the clutter that Connected
Rings have when portraying the relationships between the
nodes [16]. SQiRL is an example of this pattern, it is a tool
that visualizes the “opinion polls” by breaking down the
“respondent’s answers to selected questions” placing them
“around the circumference” [16, 27].
In the context of health data visualization, radar visu-

alizations have a potential to visualize large amount of
datasets due to their clarity in the data representation.
However, the potential use of interactivity needs to be
addressed by these visualization tools. The ability to rep-
resent relevant information should be embedded in the
visualization tool leveraging from modern technologies
such as Web browsers and Web services as well as with
current interfaces such as touchscreens.

The health graph
The health graph, or hGraph was developed by MITRE
Corporation and released to the public in 2010 under the
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Apache v2.0 license. The design intention of the hGraph is
to facilitate the graphical representation and understand-
ing of health data. The data can come from a wide-range
of sources such as laboratory tests, physical activity, nutri-
tion, sleepmonitors and other sources. The domain of this
visualization technique includes Personal Health Infor-
matics, EHR and Personal Health Record (PHR) visualiza-
tion [3].
Following the classification from Draper et al., the

hGraph could be classified as a Polar Plot and Ring, fol-
lowing the design patterns of a Star and a Connected
Ring.
The hGraph design consists of a circular space with an

area defined by to circumferences. The area represents the
minimum andmaximum recommended values for a given
measurement. For instance, the minimum and maximum
recommended fat percentage of a person in a given age.
The measurements are represented as circles and their
position in the circular space represents how far or close
they are from the recommended values. The position is
normalized according to the recommended values.
The values are distributed in a circular space. A graph

is formed by joining the data points around the circular
area. This polygon or graph reveals a pattern and its shape
provides a quick overview of the general situation of all
the values and how they deviate from the recommenda-
tions. The hGraph design highlights values outside of the
recommendation by using the red color on the data points
and by modifying the shape of the graph. The rationale of
the hGraph is that if the samemeasurements are plotted in
the same order for various cases, then the graph patterns
can reveal similar shapes associated with certain health
conditions.

Web-based solution
Web-based solutions for data visualization provide flexi-
bility, as they can be accessed by any web browser, either
from mobile devices or personal computers. The hGraph
uses a web approach via HyperText Markup Language
(HTML) and Scalable Vector Graphics (SVG). The pro-
gramming language of the library is JavaScript and is built
using the Data-Driven Documents library. Data-Driven
Documents (D3.js) library provides free access to the Doc-
ument Object Model (DOM), which is the substrate that
enables the programmer to interface with the graphical
representations in a web browser [28].

hGraph as an insightful visualization
Based on the approach proposed by C. North [29], a pre-
vious study [4] compared visualizations based on howwell
users derived meaningful insights. The study compared
the hGraph visualization along with four alternatives
based on the Graphical Perception Framework proposed
by Cleveland McGill [14]. The study compared the same

data plotted with these five alternatives plus a control
group which had the numerical data with no visualization.
The data was comprised by a set of measurements of two
modelled patients. The first patient had an elevated at risk
of developing Type II Diabetes and the second one had a
low risk due to a healthy lifestyle (regular exercise and a
balanced diet). The evaluation followed the insight-based
methodology similar to other experiments for visualizing
genetic expressions [30]. The experiment determined how
these visualizations can enable users to understand the
overall health situation of the modelled patient with poor
health, as well as the possible causes behind that patient’s
situation. The hGraph was found to be the most effec-
tive solutions for creating meaningful insights and to help
users to better understand the data.
Figure 1 is an example of the hGraph visualization. The

figure was extracted as a snapshot as the library gener-
ates an SVG document structure that cannot be exported
outside the browser. We address this issue in the next
section of the article. The hGraph hides themeasurements
when the zoom level is low, meaning that the user has
zoomed out. The shape is an average of the deviation of
each measurement under the same category. When the
user zooms in, the details are revealed and the rest of the
information becomes visible, that is the numerical values
and positions (with respect to the recommendation) of the
measurements.

Implementation
In this chapter we detail the implementation methodol-
ogy and the key features implemented in the library. We
named the library Health Figures (hFigures) because it is
based on the design principles of the hGraph. hFigures
makes an emphasis onmultiple graphs, or figures, in order
to provide a graphical representation of evolution of the
data over time (multiple snapshots of the data at certain
points in time).

Methodology
The implementation of the hFigures followed the Extreme
Programming methodology [31, 32]. The main key
requirement was to provide a visualization which rep-
resents the changes in the overall health situation. In
addition, the implementation addressed the features that
the users requested in a previous study [4].
Extreme Programming focuses on releasing and review-

ing functional software continuously [32]. Often these
requirements change and the programming practice is to
address this changes by prioritizing them at the top of the
change list.
During the implementation of the library, our research

group provided the continuous review process of the soft-
ware. The research group has expertise inHealth Sciences,
Signal Processing, User Design, Software Engineering and



Ledesma et al. BMCMedical Informatics and DecisionMaking  (2016) 16:38 Page 5 of 19

Fig. 1 An example of the hGraph. The hGraph shows an overview at a low zoom level. When the zoom increases, the details of each measurement
are revealed

Machine Learning. Requirements often changed and new
releases were assessed by the group. The development of
the health monitoring application followed the practice
of pair programming, as it is often the case in Extreme
Programming [31].

Data source
We use a JSON (JavaScript Object Notation) format to
read the data, in which the measurements are grouped
according to their categories. The groups contain an array
of samples, which represent the values obtained from
a measurement (steps per day, cholesterol, triglycerides,
blood sugar or depression level using [33]). The samples
contain a timestamp in Unix Epoch format and the value
of the measurement. The Unix Epoch format is the num-
ber of seconds since the first of January 1970, Greenwich
Meridian Time (GMT). An example of the data source
is in Fig. 2, it shows the first measurement of the group
“Blood Pressure” which in this case is comprised by Sys-
tolic and Diastolic measurements and each of them have
two samples taken at two particular times, Friday 9th of
January 2015 at 10:10:24 GMT (1420798224 — seconds)
and Thursday 12th of February 2015 at 12:05:20 GMT
(1423742720 — seconds).

SVG document export
The SVG document structure we designed in our imple-
mentation can be exported to a separate file outside the
web browser. The short-term objective is to build a tool-
kit that enables researchers to visualize their data with
our implementation so they can use the generated SVG
file in articles, posters, presentations or other applica-
tions. For instance, Fig. 3 has been exported as an SVG
document from the browser into this article. SVG export
is possible due to the rendering of our algorithm which
does not depend on JavaScript or Cascade Style Sheet
(CSS) styling properties to produce a finalized document.
The library build the entire image as a stand-alone docu-
ment. The hGraph library unfortunately does not produce
a complete document but instead depends on CSS and
JavaScript code to make the image visible.

Constant graph shape
Figure 1 shows an hGraph example and Fig. 3 shows an
hFigures example. The hGraph computes the average of
the deviation of the measurements in order to show the
polygon or graph, as a representation of the overall health
assessment. However, some measurement might deviate
towards a lower value and while others towards a higher

Fig. 2 JSON data source file. The data source file structured as a JSON file



Ledesma et al. BMCMedical Informatics and DecisionMaking  (2016) 16:38 Page 6 of 19

Fig. 3 A simple example of hFigures. The measurements are separated by groups in sectors

one, thus the average position would be roughly the mid-
dle recommended area. For this reason, hFigures does not
change the shape of the graph if the user zooms in or
out. Showing and hiding the measurement labels is the
only reaction to the zooming events from the user at the
moment. This avoids clutter when the user wished to have
a quick glance at the picture but keeps the graph with the
same shape.

Layout construction
The measurement groups are represented using a circular
layout divided in sectors. The goal is to have a clear divi-
sion between the groups as they represent the different
aspects of the overall health. hFigures uses the d3 pie chart
layout and modifies the data source provided to the lay-
out. All the measurements have the same numerical value
and at the end of the group, we insert an extra value in
order to leave a blank space between the circular area sec-
tors. The result is visible in the hFigures example shown
in Fig. 3 and the code that produced this visualization
is in Fig. 4. The pie layout constructs the sectors of the
circular area based on a data source. When we provide an
array of numbers, the layout uses the numbers to calcu-
late the proportions of the area. In order to achieve the
layout construction that we have designed, the array has
the same constant number multiple times, the number of
measurements plus an additional number for each group.

Color-coded entries
The data source can contain additional sets of value
ranges. For instance a warning range of values can let the
users know when a value has reached a level that requires
attention but has not yet reached a critical point. We fol-
lowed the users’ feedback that recommends a traffic light-
based approach. The green color means that the values

are within the recommended, yellow suggest a warning or
follow-up action needed and the red indicated a critical
threshold has been passed.
In the implementation, the library verifies if these addi-

tional ranges are present in the measurement definition.
In order to verify if the property of the object exists,
JavaScript provides a qualifier method, typeof. The
returned value must be compared with the keyword def-
inition for properties that are not present in an object,
the keyword undefined has been suggested by Mozilla
Developer Network [34], a highly reputable source for
Web development. The code is shown in Fig. 5.

Multiple graph
The dataset is structured as a set of measurements where
each has its own collection of samples. In order to com-
pare the evolution of these measurements, the hFigures
library allows the graphical representation of any num-
ber of samples. The result is a set of graphs or polygons
overlapping or stacking with each other. In order to dif-
ferentiate them, we use a lighter set of colors so that the
users can see the difference between two points in time.
As an example, Fig. 3 shows two different samples for
each measurement. This example portrays a modeled per-
son that has been active in a health coach program. Some
measurements have improved and are closer to the rec-
ommendation. Users repeatedly expressed that it would
be very helpful to visualize two or more different points in
time so as to compare how the person has evolved.
Including multiple graphs has implications in the struc-

ture and procedures of the visualization construction. For
instance, we structured the SVG document such that each
measurement includes one or many plotted circles that
map to each sample. The measurement labels need to
be positioned considering that a plotted circles can (and
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Fig. 4 Layout construction code. The layout for distributing the measurements is build using d3 pie layout leaving spaced between the
measurement groups

probably will) overlap. This is challenge that we address in
the next section by finding an optimal label space distri-
bution to avoid labels from overlapping and also to reduce
the clutter in the visualization space.

Label space distribution
After the measurements are plotted, the labels are added
to increase readability. The position of the label needs
to be defined within a given range to avoid overlaps and
clutter.
Labels need to avoid overlapping with each other and

with their measurements. To solve the label overlapping
problem we implemented an algorithm that starts by
ordering the labels by their angular position, that is the
angle at which the measurement is positioned. The next
step is to calculate the height of the label and position
it over the previous one in the direction that goes from
the center of the visualization area upwards or downwards
(depending on the angle). The idea is to begin with the
center of the area, either to the left or to the right of
the circles, then we work our way up or down drawing
the labels into the SVG document. We add the labels as

SVG elements and the use the transform property to
position them in the corresponding place. Figure 6 shows
the spacing between the labels using the algorithm when
drawing the labels from the center to the upper right cor-
ner. For each of the four quadrants, the library calls the
method shown in Fig. 7 which computed the position of
the label as we described.
As mentioned before, labels can also overlap with mea-

surement circles. To avoid this problem we calculate the
maximum radius from the center of the visualization area
to the highest value of a measurement sample. From that
starting point, we place the label in that position. In other
words, for each measurement, we find the largest value of
the samples. Figure 8 shows a sector of the hFigures where
the sugar measurement label has been pushed out for a
few pixels in order to avoid overlapping it with the red cir-
cle. The rest of the labels adjust to that position by leaving
a user-defined margin.

rlabel = max
( n⋃

i
{ri}

)
+ margin (1)

Fig. 5 JavaScript code to determine if additional ranges are provided. In JavaScript the data source could contain additional ranges, these are
properties in an object that need to be checked beforehand and if the exists, compare the values accordingly
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Fig. 6 Label positioning distribution. The labels are positioned according the their height and margin, as a result the labels do not overlap and
clutter is avoided

The radius for the label is the maximum value of the
samples translated as graphical coordinates plus a margin.
Equation 1 obtains the label radius rlabel given the radii of
the samples of a measurement plus the default marginm.

Feature implementation summary
The key improvement of hFigures is the addition of mul-
tiple graphs as a mechanism to compare the values of the
health measurements over time (Table 1).
The immutable shape of the graph presents the same

information (values of the measurements in respect to
the recommended target) regardless of zooming. This
feature shows the data “as is” without calculating aver-
age, mean or deviation. Users stressed the importance
of graphically representing the information without any
calculations such as mean or accumulated values. The
users expressed that showing the measurement values in
hFigures helped them to derive valuable insights with
just a quick glance at the data, for instance they identi-
fied measurement that fall outside of the recommended
range easier and without requiring them to zoom in
or out.
The hFigures library does not calculate an overall score

since the users considered that this task should be the
sole responsibility of a health care professional. An over-
all score also depends on each person under a case by

case basis. For instance, the hGraph allows the user to
assign weights to each measurements’ value, the score is
then calculated summing the value of the weights times
the measurement’s deviation from the recommendation.
The users participating in the design process of our library
expressed that an overall score would complicate the inte-
gration of the library into daily health care processes as
specialists would need to review case by case to find
the adequate score formula, which means specifying the
weights (importance) of each measurement for a given
person.
Measurements in the hFigures library are grouped in

sectors which represent the category they belong to.
Grouped measurements allow a clear division of cate-
gories resulting in enhanced understanding on how cer-
tain areas of wellness have changed and how, if any, they
affect each other. The sectors remain visible regardless
of the zoom level, users expressed that this feature pro-
vides an informative approach as the categories are always
showing to which category the measurements belong to.
Hiding the category labels and displaying the measure-
ments without divisions would complicate understanding
the status of health categories, such as sleep, nutrition,
physical activity and others. Users expressed their confu-
sion when they were unable to determine when a category
starts or ends after zooming in and out of the hGraph.

Fig. 7 JavaScript code for label positioning. The function in JavaScript distributed the positioning of the label to avoid overlapping and clutter
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Fig. 8 Label positioning avoiding overlapping with measurements. Some measurements can be positioned outside of the recommended range,
the labels are adjusted to avoid overlapping

The possibility to export the generated figure as an SVG
file, allows the integration into research articles, presenta-
tions, websites, posters and other Software applications to
further enhance the utility of the hFigures.

Evaluation
The health data visualization library was placed in the
context of a full application. We tested the library in
a contextualized scenario where the users conducted a
series of tasks and answered usability questionnaires.
In this section we present the methods we used for
recruiting the participants and for the usability testing of
the library. We also explain the metrics measured and
the rationale behind the selection of the usability testing
methods.
Nielsen suggests that “usability has multiple compo-

nents and is traditionally associated with the five usability

Table 1 Comparative functionality table. The table lists the
features supported by hFigures and hGraph

Functionality hFigures hGraph

Color-coded measurements ✓ Partially

Recommended area ✓ ✓

Circular distribution of measurements ✓ ✓

Plot values at specific times ✓ —

Time series data source ✓ —

Immutable shape ✓ —

Weighted score — ✓

Multiple graphs ✓ —

Visible category labels ✓ —

Label space distribution ✓ Partially

Grouped measurements ✓ —

SVG export ✓ —

attributes, which are learnability, efficiency, memorability,
errors, and satisfaction” [35]. In order to assess the usabil-
ity of the software solution, multiple alternatives exist in
industry and research. Johnson et al. developed a toolkit
for usability testing of Electronic Health Records com-
missioned by the Agency for Healthcare Research and
Quality of the U.S. Department of Health and Human
Services [36]. The toolkit is built on the basis of the assess-
ment of existing usability methods in the context of Elec-
tronic Health Records and Health Information systems.
The toolkit is a detailed analysis of the usability meth-
ods, their advantages, disadvantages and appropriateness
ranking.
We selected the Usability Questionnaires since it has a

high appropriateness ranking [36].We were able to recruit
three usability experts to conduct the Heuristic Evaluation
and the Cognitive Walkthrough, both are recommended
techniques to complement the evaluation. We concluded
the evaluation using the principles of Controlled User
Testing.

Continuous health monitoring application
In order to test the hFigures library, we designed an appli-
cation for visualizing the health situation of a modeled
patient and how this has changed over time within a
health coaching program. The objective is to help the
users in the decision making process of assessing the over-
all health situation and whether or not the health program
has provided benefits.
The application has three components: activity timeline,

the hFigures data visualization library and longitudinal
measurements. Figure 9 shows the three components. The
figure is not a screenshot of the application but rather an
extraction of the SVG documents embedded in the HTML
file, except for the timeline.
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Fig. 9 Health Monitoring Application. The health monitoring application with the three components: hFigures, Activity Timeline and Longitudinal
Measurements

Activity timeline
This component represents the health interventions (par-
ticular actions) that the modeled patient has done during
the health coaching program. During the program, sev-
eral snapshots of the patient’s overall health are taken and
visualized using the hFigures library.

hFigures
The developed hFigures library is utilized to display the
set of measurements taken during the health coaching
program. These measurements describe an overview of
the health situation of the modeled patient. Users can
change the time at which the snapshot was taken to
compare changes over time as a result of the health inter-
ventions.

Longitudinal measurements
The application also displays the same set of measure-
ments using longitudinal temporal representation. We
included this component to provide additional details and
trends on how the measurements have changed over the
coaching program.

Heuristic evaluation
Heuristic Evaluation requires at least one expert in the
area of human-computer interaction [35, 36]. For our eval-
uation we recruited three experts, and they assessed the
application using Nielsen’s heuristics [35]. The evalua-
tion has 11 metrics evaluated using a seven point Likert
scale, where the value 1 indicates “strongly disagree” and
7 “strongly agree”
Heuristics are “rules of thumb” comprised of 10 prin-

ciples meant to assist the Human-Computer Interac-
tion specialist in the usability assessment [36, 37]. We

explain the principles of the Heuristic Evaluation accord-
ing Nielsen [37].

1. Visibility of the System Status: Refers to continuous
feedback on the status of the system “within
reasonable time” (Feedback).

2. Match between system and the real world : The use
of the language should be familiar to the user so that
conversations follow a “natural and logical order”
avoiding technical terminology unfamiliar to the
intended user audience (Speak the User’s Language).

3. User control and freedom: Allow the user to recover
from erroneous navigational options with “clearly
marked” access options (Clearly Marked Exits).

4. Consistency and standards: Follow the same
language and terminology to avoid the user from
guessing the meaning of “words, situations, or
actions”(Consistency).

5. Error prevention: Avoid “error-prone” options in the
system whenever possible and for those cases when
the problematic options cannot be avoided, then
present the user confirmation dialogues (Prevent
Errors).

6. Recognition rather than recall : Present visible
options to the user at all times so as to avoid the
effort of remembering previously stated instructions.
Whenever options cannot be visible, make them
“easily retrievable whenever appropriate” (Minimize
User Memory Load).

7. Flexibility and efficiency of use: The interface should
accommodate the novice and advance user by
providing “tailored frequent actions” (Shortcuts).

8. Aesthetic and minimalist design: The dialogues
should only contain relevant and clear information
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that is timely needed at that particular state of the
interface (Simple and Natural Dialogue).

9. Help Users recognize, diagnose, and recover from
errors: Plain language should be used in error
messages, and whenever possible they should provide
helpful information so that the users can take
constructive actions. (Good Error Messages)

10. Help and documentation: Some systems require
documentation and guidelines to explain briefly how
to accomplish specific tasks in concrete steps.

Cognitive walkthrough
Wharton et al. developed the Cognitive Walkthrough
for usability testing [38]. Johnson et al. summarize this
method as a “usability inspection method that com-
pares the users’ and designers’ conceptual model and
can identify numerous problems within an interface”
[36, 38].
Cognitive Walkthrough has successfully been used to

evaluate usability of Healthcare Information Systems [36,
39–42] and Web Information Systems [43].
Since CognitiveWalkthroughs “tend to findmore severe

problems” [36, 44] but “fewer problems than a Heuris-
tic Evaluation” [36, 45] we included both methods in our
evaluation.

Laboratory testing
Regarded as the “golden standard” for usability testing
[46], Laboratory Testing collects “qualitative and quanti-
tative” data “since it collects both objective data such as
performance metrics (e.g., time to accomplish the task,
number of key strokes, errors, and severity of errors) and
subjective data such as the vocalizations of users think-
ing aloud as they work through representative tasks or
scenarios” [36].
Controlled user testing is comprised of “a series of

commonly used task scenarios” where users are asked to
conduct these tasks using a “thinking aloud” [35, 36, 47].
This process requires “users to talk aloud about what they
are doing and thinking” while they complete the tasks
using the system [35, 36, 47].
As the “golden standard” in usability testing, this

method has been widely used in evaluating Health Infor-
mation Systems [36, 48–51]
The data exploration tasks are designed to assist the

decision making process on the health situation of the
modeled patient. The usability scenario was the main goal
of the intended use of the application. We explain the par-
ticipants the purpose of the application, which is to facili-
tate the decision making process weather or not the over-
all health situation of the modeled patient is favourable
and weather or not the health coaching program was ben-
eficial for the patient. The tasks are designed to represent
the common usage of the application, namely to find the

measurements inside and outside of the recommendation
and to identify the areas that improved and need even fur-
ther improvement. The tasks given to the participants are
shown in the following list.

1. How many areas of health are displayed in the
hFigures?

2. Choose one of these areas and point to its
measurements.

3. Identify one measurement inside the recommended
values and another one outside.

4. Identify the measurement that is the furthest from
the recommended values.

5. What does the green, yellow and red circles mean?
6. Has the overall health improved after coaching?
7. Which area of health has improved the most after

health coaching?
8. Which measurements show the biggest

improvement?
9. Understand the difference between the points inside

and outside the recommended area.

Usability questionnaires
We followed the recommendations from Johnson et al.
and used this method in our evaluation. Usability Ques-
tionnaires are “the most common” method to “collect
self-reported data” from the “users’ experience and per-
ceptions after using the system in question” [36]. Although
the data collected is self-reported, some questionnaires
have reliability in measuring several usability metrics such
as “satisfaction, efficiency, effectiveness, learnability, per-
ceived usefulness, ease of use, information quality, and
interface quality” [36].
We used two Usability Questionnaires to evaluate the

usability of our application, Computer System Usability
Questionnaire (CSUQ) and After Scenario Questionnaire
(ASQ) [52]. Table 2 shows the length, reliability and the
metrics of the questionnaires. These questionnaires use
a seven-point Likert scale from “strongly disagree” up to
“strongly agree”.

Table 2 Standard questionnaires table. The table lists the
standard questionnaires we used for the user evaluation of the
system with their length, reliability and metrics

Items Reliability Metrics

CSUQ 19

0.93 Usefulness

0.91 Information quality

0.89 Interface quality

0.95 Overall usability

ASQ 3 0.93

Ease of Task Completion

Time Required to complete the task

Satisfaction
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Computer system usability questionnaire (CSUQ)
The questionnaire was developed by IBM and it is a
“slight” modification of the Post-Study System Usability
Questionnaire (PSSUQ) [53]. Table 2 shows the relia-
bility of this questionnaire. The questionnaire has high
“coefficient alpha” with a reliability 0.95 in total and “0.93
for system usefulness, 0.91 for informational quality, and
0.89 for interface quality” [36, 52, 53]. We selected this
questionnaire since it has been successfully used in the
Healthcare domain [36, 54] and in the evaluation of “of a
guideline-based decision support system” [36, 55].

After scenario questionnaire (ASQ)
An additional questionnaire developed by IBM [36, 52, 56]
and designed to measure the user satisfaction after sce-
nario usability studies have been completed [36, 53, 57].
This questionnaire measures the “ease of task completion,
time required to complete the tasks, and satisfaction with
support information” [36]. Since we already designed the
scenario for the evaluation of the system, we included this
questionnaire in our study.

Data model
Similar to the study we conducted in the insight-based
methodology [4], we modeled a patient using clinical
expertise of a physician along with the most common
symptoms for developing Type II Diabetes. The mod-
eled patient consisted of a set of measurements over time
comprised of the following parameters:

• Blood pressure: systolic and diastolic blood pressure
• Physical activity: weekly active days [58, 59], steps per

day [60]
• Body composition: Body Mass Index (BMI), waist

diameter and fat percentage
• Sleep: time in bed, time asleep
• Fitness: resting heart rate, fitness index [61, 62],

muscular force, muscular endurance and balance [63]
• Lab Tests: hemoglobin, fB-Gluc, cholesterol, HDL,

LDL, triglycerides
• Nutrition: meal regularity, type of meals (vegetables

and fruits), sugar intake, fat quality, fiber and salt
intake.

• Drugs: tobacco (cigarettes per day), alcohol abuse,
drug abuse (narcotics), medication abuse

• Emotional wellbeing: depression level [33], stress
level and stress recovery [64, 65] and optimism [66].

Recruitment
We recruited a total of 14 participants following similar
usability studies and Faulkner’s [67] recommendation of
conducting usability tests with 10 to 20 users “in order to
find 90 to 95 % of usability problems” [68]. Among the 14

participants we were able to recruit 3 usability experts, fol-
lowing the recommendations from Nielsen and a number
of previous studies stating that 3 to 5 experts are needed
to conduct the Heuristics Evaluation [35, 36, 69–72].
Participants were recruited through the university’s stu-

dent email lists, self-study groups, lectures and work-
shops. After completing the usability tests, the partici-
pants received a movie ticket.

Ethics
The study we conducted was a usability evaluation using
simulated data not belonging to a real person. The
results of the usability tests were kept anonymous and
the collected data does not include sensitive information
from the participants. According to the ethical princi-
ples applied by the Finnish Advisory Board on Research
Integrity, our study did not need ethics approval [73].
The experimental procedures described in this paper

complied with the principles of Helsinki Declaration of
1975, as revised in 2000. All subjects gave informed con-
sent to participate and they had a right to withdraw
from the study at any time. The informed consent also
explained that their names and identities will be kept
confidential, that the results will not be linked to their
identities, the sessions will be recorded using a Web cam-
era and microphone for further study and that the clinical
data visualized did not belong to a real person.

Experiment protocol
The testing process started with the signature of an
informed consent where we explained the participants the
purpose of the test. Afterwards we proceed to explain a
usability scenario and the tasks that the participants were
asked to complete. The participants were allowed to ask
questions at any time. After performing the tasks we asked
the participants to fill in the Usability Questionnaires.
We close the session with a briefing interview where we
asked the users what they liked and disliked about the
application as well as what were their recommendations
for further improvements. The sessions were recorded for
further study and to find the correct timing of the task
completion.

Materials and tools
We conducted the usability tests in our laboratory. We
used a computer with a local HTTP server running our
server application and Google Chrome as the browser
running our front-end application. The computer was a
laptop with a camera and microphone which were used to
record the session for later study. The computer was con-
nected to a 23 inch display and a separate keyboard and
mouse. The usability questionnaires were filled out using
the Web portal developed by Perlman and available at the
following address http://garyperlman.com/quest/.
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Results
Heuristic evaluation
The three expert users answered the Heuristic Question-
naire in order to identify problems with the user interface
of the health monitoring application. The three experts
agreed and in some cases strongly agreed with most of the
indicators. One expert found the instructions for adjust-
ing the time of the visualization tool to be demanding.
The expert addressed this comment to the integration
interface that allows the time to be adjusted and thus visu-
alized. The remark was not addressed to the graphical
representation of the data using hFigures. The results of
the evaluation are summarized in Table 3. The average
response was 6.3 out of 7 points (Additional file 1).

Cognitive walkthrough
During the Cognitive Walkthrough, the concept of the
health monitoring application was explained to the usabil-
ity experts. The purpose of the application was explained
in the context of the health situation of the modeled
patient and how the application visualizes the changes
in the health situation over time. We used the usability
scenario and tasks to confirm that the interface supports
the intended use of the application. The questions com-
prising the walkthrough, as described by Wharton et al.
[38]., were correctly answered by the expert users thus no
design or mismatch errors were found.

Controlled user testing
Table 4 summarizes the results of the completed, num-
ber of errors, average time to complete the task and the
standard deviation. All participants completed 7 of the 9

Table 3 Heuristic evaluation results. The table summarizes the
results of the Heuristic evaluation conducted by three usability
experts

Heuristic Average Standard
response deviation

Visibility of system status 6.00 1.00

Match between system and the 6.33 0.57
real world

User control and freedom 6.33 0.57

Consistency and standards 6.67 0.57

Error prevention 6.33 0.57

Recognition rather than recall 4.67 0.57

Flexibility and efficiency of use 6.67 0.57

Aesthetic and minimalist design 7.00 0.00

Help users recognize, diagnose, 6.33 0.57
and recover from errors

Help and documentation 6.67 0.57

Nielsen heuristic evaluation 6.30 0.56

Table 4 Controlled User Testing Results. The table summarizes
the results of the 14 users performing the 9 tasks

Task Successfully Errors Average time Standard deviation
completed (seconds) (seconds)

Task 1 14 4 12.21 12.60

Task 2 11 0 10.00 12.38

Task 3 14 1 10.78 5.38

Task 4 14 2 6.78 4.98

Task 5 14 0 17.50 6.60

Task 6 14 2 16.07 16.52

Task 7 14 0 6.21 5.591

Task 8 14 1 7.85 5.882

Task 9 13 1 9.23 4.729

tasks. Task 2 was the most problematic, we asked users
to “choose one of these areas and point to its measure-
ments”, we found that 3 participants were not able to
understand the task thus unable to complete it. The sec-
ond most problematic task was number 9, “understand
the difference between the points inside and outside the
recommended area”, where one participant was unable
to complete it successfully incurring in one non-crucial
mistake (an error that prevent the task to be completed).
Additional non-crucial errors occurred in tasks 1, 3, 4, 6

and 8. The large number occurred in the first task due to
the initial values set in the default zoom level of the hFig-
ures component. After the usability testing, we corrected
this problem by adjusting the initial zoom level to include
the whole figures inside the container (Additional files 2
and 3).

Usability questionnaires
Computer system usability questionnaire (CSUQ)
We computed the results according to Lewis, obtaining
the average of “items 1 through 19” to determine the over-
all usability rating of the system. System usefulness is the
average of items 1 to 8, information quality 9 through 15
and interface quality 16 through 18 [74].
Table 5 shows the results of the system usefulness. The

system obtained an average of 6.13 out of 7. Table 6 shows
the results of the information quality metric where the
application scored a total average of 5.66. The average
value is still within the “agree” response of the partic-
ipants, however the notable low value compare to the
other metrics might be due to the amount of information
presented in textual format in the application. The infor-
mation was encoded using graphical representations and
even though a help document was included in the sys-
tem, the text was not likely to fulfil the users’ expectations.
Table 7 shows the score for the interface quality where the
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Table 5 Computer system usability questionnaire results for the
system usefulness assessment. The table shows the results of the
questions corresponding to the system usefulness with its
average and standard deviation

Question Average Standard
response deviation

Overall, I am satisfied with how 6.29 0.99
easy it is to use this system

It was simple to use this system 6.07 1.20

I can effectively complete my 6.07 1.07
work using this system

I am able to complete my work 5.86 1.40
quickly using this system

I am able to efficiently complete 6.21 0.89
my work using this system

I feel comfortable using this system 6.21 0.97

It was easy to learn to use this system 6.43 0.85

I believe I became productive 5.93 1.26
quickly using this system

System Usefulness 6.13 0.93

application obtained an average of 6.24 out of 7. The com-
bined results are shown in Table 8. The score of the overall
usability is 6.02 with a standard deviation of 1.04. We can
determine that all the participants at least “agreed” in the
Likert scale that the application was useful for the deci-
sion making process of assessing the health situation and
evolution of the modeled patient (Additional file 4).

Table 6 Computer system usability questionnaire results for
information quality

Question Average Standard
response deviation

The system gives error messages 4.50 2.44
that clearly tell me how to fix problems

Whenever I make a mistake using the 5.43 1.95
system, I recover easily and quickly

The information (such as online 5.29 1.90
help, on-screen mes-sages, and other
documentation) provided with this
system is clear

It is easy to find the information I needed 6.07 1.27

The information provided for the 5.93 1.39
system is easy to un-derstand

The information is effective in helping 6.14 1.17
me complete the tasks and scenarios

The organization of information on the 6.29 1.14
system screens is clear

Information Quality 5.66 1.20

Table 7 Computer system usability questionnaire results for
interface quality

Question Average response Standard
deviation

The interface of this system is pleasant 6.36 1.00

I like using the interface of this system 6.36 0.92

This system has all the functions 6.00 1.18
and capabilities I expect it to have

Interface Quality 6.24 0.99

After scenario questionnaire (ASQ)
Table 9 the average response for the ease of task comple-
tion was 6.64 with a standard deviation of 0.842 and for
the time required to complete the task 6.64 and a standard
deviation of 0.497. The overall satisfaction was 6.46 and a
standard deviation of 0.53. The usability of the system had
a high score in the ASQ results meaning that the system
was suitable for the scenario in the context of the health
data visualization of the modeled patient and its evolution
over time (Additional file 5).

Identified issues and suggested improvements
The feedback shows that the main problem was the
incomplete visibility of the hFigures in the application
component window. Users also requested to show the
detailed information as a hovering pop up window in the
second figure (measurements before the coaching pro-
gram). Currently only the latest measurements have the
hovering window however users requested that both mea-
surements (the before and after) should contain the same
functionality. Additional information was needed in the
measurements that contained numerical scales, such as
the depression index. A more contextualized approach
explaining the meaning of the values can help the user
understand the measurements and thus the overall health
situation of the patient better.

Discussion
The value of a data visualization depends on the knowl-
edge that it can convey to the public. In this section, we
claim that hFigures has the potential to be used both in the

Table 8 Computer system usability questionnaire results for
overall usability, system usefulness, information and interface
quality

Metric Questions Average Standard
response deviation

Overall usability 1–19 6.02 1.04

System usefulness 1–8 6.13 0.93

Information quality 9–15 5.66 1.20

Interface quality 16–18 6.24 0.99
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Table 9 After scenario questionnaire results

Question Average time Standard deviation
(seconds) (seconds)

Overall, I am satisfied with the 6.64 0.84

ease of completing the tasks in
this scenario

Overall, I am satisfied with the 6.64 0.49
amount of time it took to complete
the tasks in this scenario

Overall Satisfaction of the system 6.46 0.53

clinical and personal wellness applications. Large amounts
of measurements do not clutter the visualization area as a
result of our implementation, Fig. 10 shows an example of
a large visualization of amodeled patient. The comparison
of multiple graphs can provide a meaningful visualization
to individuals and clinicians alike. The implementation of
hFigures follows an extensible approach and even though
it was designed to be used for health data visualization,
any dataset that has a target range of values as a reference
can be visualized.

Translation to health care
The wide variety of EHR formats and data sources from
self monitoring applications comprise a challenge in uni-

fying the data in order to provide an overview of a patient.
Currently, most of the data sources contain the date when
the sample was extracted, whether it is a tracking device or
a blood test. This sample date already provides the times-
tamp required by the hFigures data source file. The values
of the samples are the main object of study in a measure-
ment, for instance the levels of cholesterol or sugar at a
given time, the number of steps per day, the percentage
of body fat and several others. This information can be
transformed in a simple process to build the hFigures data
source following the JSON structure.
hFigures is a visualization library based on Web tech-

nologies, it uses a Web browser and the rendering of
the SVG is compatible with current HTML standards.
Thus providing interoperability across multiple devices
including tablets, smartphones, workstations or laptops
is indeed feasible. The D3.js library that hFigures is built
on, enables compatibility with Internet Explorer versions
8 and higher using a component named Aight [75]. Inter-
net Explorer 8 is prevalent in hospitals and clinics due to
the restrictions in installing custom software.

Patient evolution
Multiple graphs plotted on the layout of recommended
values shows the change in the data over time. This could
allow clinicians to understand the evolution of certain

Fig. 10 A heterogeneous hFigures example. An overview of a modeled person comprised of several measurements with two time snapshots
showing its evolution over time
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aspects in the health of the patient. For instance, health
professionals would be able to look at the effect of a trail
drug treatment over time. Possibly, the collected sam-
ples of a patient before and after starting the trial would
be plotted as the multiple graphs portraying the evolu-
tion of the patient. Figure 10 shows an example of a
more heterogeneous dataset. The labels for each individ-
ual measurement are usually hidden when a full zoom out
is performed by the user. For the purpose of demonstrat-
ing the visualization library we have made all the labels
visible.

Personal healthmonitoring
As an example, Fitbit provides activity trackers and a
wide-range of devices. The data collected can be obtained
through their API. In most cases, providers such as Fit-
bit follow an HTTP REST interface. Figure 11 shows an
example of the data Fitbit provides through its inter-
face. The data has “activities” as properties of a
JavaScript object. These entries have in turn a property
“startTime” which provides the timestamp required
for the hFigures data source file.
In this case, a step counter contains the prop-

erty “steps” with the number of steps registered
by the device. This and other measurement can be
plotted in the hFigures following the data source file
structure.
We can also use multiple graphs to show the user-

defined goals as a reference in addition to the actual
values of the measurement (steps per day). Figure 11
only show steps per day, however the documentation of
the API specifies that additional data is available. This
data includes distance travelled, sedentary activity, floors
climbed, calories burnt and more.
Other device manufacturers such as Withings or Jaw-

bone provide their users the possibility to use their APIs
to extract collected data in a similar way. As in the
case of Fitbit, all data has at least a timestamp (date,
time or both) and a set of values. Recommended val-
ues for the health measurements can be obtained from
healthcare professionals and public health information
sources.

Limitations
The library reads the data in JSON format and does not
support XML, which is still used by some Health Informa-
tion Systems. Data files need to be included in the same
HTML file and used to create an instance of the hFig-
ures class. The library does not retrieve the data remotely
by itself so the data provision is the responsibility of
the developer. Other libraries provide an AJAX interface
through HTTP(S) communication to an endpoint in order
to retrieve the data. The information in the nodes comes
entirely from data source file, which means that additional
information about the measurements cannot be supplied

otherwise. The extraction of the SVG file requires to
export the code embedded in the HTML file. Currently no
automatic export functionality is implemented.

Further development
We plan to develop the library further to address the sug-
gestions obtained from the participants of the usability
testing. The next release of the library already included
the fixes for the automatic adjustment of the initial zoom
level to show the complete figures within the given con-
tainer, usually a <div> element in the HTML docu-
ment. The next item to address is the inclusion of addi-
tional information explaining the measurements in the
hover pop up window. Additionally we need to develop
an algorithm to display the values when hovering on
the two figures so that the pop up windows do not
overlap.
Further development contemplates a Web Service

which consumes a JSON data source file and produces an
SVG or a HTML document with the interaction features
as a JavaScript file attached. Such service has been already
requested in other projects for research purposes in order
to provide a better software tool for medical decision
making processes.

Conclusion
Complete and accurate visualizations of health data have
been thought to empower individuals, citizens and health
professionals alike, to better understand situations and
take better informed decisions [2, 12, 76]. These deci-
sions can be medical treatment, behaviour change prac-
tices, wellness development, health coaching program and
more. In this article we detailed the underlying moti-
vation to develop a visualization library inspired by the
hGraph.
We tested the visualization library in the context of

an application by conducting usability tests comprised of
Heuristics Evaluation, CognitiveWalkthrough andUsabil-
ity Questionnaires. In the Heuristics Evaluation the aver-
age response was 6.3 out of 7 points and the Cogni-
tive Walkthrough done by usability experts indicated no
design or mismatch errors. In the CSUQ usability test the
system obtained an average score of 6.13 out of 7, and in
the ASQ test the overall satisfaction score was 6.64 out of
7. The results indicate that the library was helpful in assist-
ing users in understanding health data and its evolution
over time.
The library is an open source tool inspired by the

hGraph but with additional key improvements. However,
additional improvements and fixes are needed to fur-
ther develop this tool. In this article, we also discussed
how this library can be used in wellness and health pro-
cesses to understand the evolution of a patient’s health and
wellness.
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Fig. 11 Fitbit API example response. An example JSON response from a Fitbit activity sensor that can be transformed to a data source to be
visualized by hFigures

Open challenges remain in studying alternative features
that can help users identify relationships between mea-
surements, visualize patterns and enable deeper explo-
ration of the data with a higher degree of interactivity.

Availability and requirements
• Project name: hFigures
• Project home page and source code repository:

https://github.com/ledancs/hFigures
• SciCrunch Resource ID SCR_014201
• Operating System: Platform independent.
• Programming language: JavaScript.
• Other requirements: Developers willing to deploy

the application need to serve the files via a Web
server. Users require a Web browser to visualize the
application.

• License:MIT License.
• Any restrictions to use by non-academics: No.

Availability of data
The dataset supporting the conclusions of this article is
available in the BioSharing repository with the identifier

biodbcore-000734 at the following url: https://biosharing.
org/biodbcore-000734.
The dataset is also available at Tampere University of

Technology Personal Health Informatics website in the
following url: http://www.tut.fi/phi/?p=319.

Additional files

Additional file 1: Nielsen’s Heuristic evaluation. The data contains the
results form Nielsen’s Heuristic Evaluation conducted by three usability
experts. (CSV 116 kb)

Additional file 2: Results from laboratory testing. The data contains the
task identifier, the average time to completion, number of times the task
was successfully completed and the total number of errors. (CSV 209 kb)

Additional file 3: Laboratory testing tasks. The data contains the task
identifier and the instructions given to the participants to complete the
task. (CSV 618 kb)

Additional file 4: Computer system usability questionnaire results. The
data contains the results of the Computer System Usability Questionnaire
answered by 14 participants. (CSV 639 kb)

Additional file 5: After scenario questionnaire results. The data contains
the results of the After Scenario Questionnaire answered by 14 participants.
(CSV 149 kb)
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Abstract

Background: The increasing complexity and volume of clinical data poses a challenge in the decision-making
process. Data visualizations can assist in this process by speeding up the time required to analyze and understand
clinical data. Even though empirical experiments show that visualizations facilitate clinical data understanding, a
consistent method to assess their effectiveness is still missing.

Methods: The insight-based methodology determines the quality of insights a user acquires from the visualization.
Insights receive a value from one to five points based on a domain-specific criteria. Five professional psychiatrists took
part in the study using real de-identified clinical data spanning 4 years of medical history.

Results: A total of 50 assessments were transcribed and analyzed. Comparing a total of 558 insights using Health
Timeline and 576 without, the mean value using the Timeline (1.7) was higher than without (1.26; p<0.01), similarly
the cumulative value with the Timeline (11.87) was higher than without (10.96: p<0.01). The average time required to
formulate the first insight with the Timeline was higher (13.16 s) than without (7 s; p<0.01). Seven insights achieved
the highest possible value using Health Timeline while none were obtained without it.

Conclusions: The Health Timeline effectively improved understanding of clinical data and helped participants
recognize complex patterns from the data. By applying the insight-based methodology, the effectiveness of the
Health Timeline was quantified, documented and demonstrated. As an outcome of this exercise, we propose the use
of such methodologies to measure the effectiveness of visualizations that assist the clinical decision-making process.

Keywords: Clinical data, Data visualization, Health informatics, Electronic health record, Insight-based methodology

Background
Researchers estimate that clinical data will grow [1], from
153 exabytes in 2013 to 2314 in 2020 [2]. Electronic
health records (EHRs) constitute most of the clinical data.
These records are the “purest type” of electronic clini-
cal data obtained at the point of care [3]. EHRs collected
over time represent a patient’s clinical history. Healthcare
professionals rely on them for diagnosis and treatment.
As clinical data increases in volume, so does the

potential value for healthcare providers to benefit from
it. IT-based information systems can summarize and
visualize clinical data. Health Informatics is the “interdis-
ciplinary study of the design, development, adoption and

*Correspondence: andres.ledesma@tut.fi
1Tampere University, Faculty of Medicine and Health Technology, Tampere,
Finland
Full list of author information is available at the end of the article

application of IT-based innovations in healthcare services
delivery” [4]. Numerous research efforts have addressed
the need to understand clinical data by designing and
building a variety of visualizations [5, 6].
North suggests that the purpose of visualizations is to

help readers derive insights [7]. A measure of an effec-
tive visualization is its ability to generate new insights that
go beyond predefined data analysis tasks [8]. The effec-
tiveness of clinical data visualizations is an area of active
research [5, 6, 9]. Graphical representation techniques
have been addressed in several studies [10]. One signifi-
cant example was reported by Goetz who demonstrated
that data presentation greatly affects the understanding
of a person’s health [11]. Thus, visualization concepts
applied to clinical data should enable healthcare pro-
fessionals to obtain insights about the condition of the

© The Author(s). 2019 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
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patient more comprehensively and efficiently than tradi-
tional textual or tabular presentations.
Researchers have implemented several visualization

tools for clinical data [5]. A literature survey identified
fourteen computerized tools for visualizing EHRs [6]. The
articles describe in detail the design and implementation
of these tools. However, they do not use a structured
method, such as the insight-based methodology, to per-
form assessments.
We extracted data from the Australian “My Health

Record” initiative [12] and developed a computerized
solution to visualize clinical data chronologically. The
solution was named Health Timeline to emphasize the
significance of time in the clinical data. The software orga-
nizes and displays the clinical data in an interactive time-
line using visual enhancements to facilitate readability.
This article documents the assessment of Health Timeline
which applies the insight-based methodology. Five psy-
chiatrists took part in the study by reviewing the clinical
data of five de-identified patients. The psychiatrists were
instructed to use the “thinking aloud process”. This pro-
cess consists of verbalizing the thought pattern followed
while inspecting the data. Their findings were recorded
using a voice recording software. These findings were
later transcribed and analyzed following the insight-based
methodology.

Related work
The findings of Lesselroth and Pieczkiewicz [5], as well
as those of Rind and colleagues [6] are further discussed.
The study reported in this article relates to other com-
puterized solutions. The key distinction is the assessment
methodology.

Scope
The focus of this study is on time-based visualizations of
clinical data (EHR) and the assessment methodology used
to validate them. Time-based visualizations are graphical
representations of data collected over time. The research
literature has a large number of data visualization tech-
niques that vary in their strategies. However, we refined
our search to include only visualization tools based on
time, and the longitudinal nature of the data. The search
was narrowed down further to only include those tech-
niques that were used in the context of clinical data. We
were particularly interested in the assessment methodol-
ogy used to evaluate these visualizations.

Review of similar solutions in the healthcare context
LifeLines is a computerized tool that displays clinical data
[13] using dots positioned along horizontal lines [14]. A
study showed that participants responded 50% faster to a
“post-experimental memory test” (p < 0.004) [15]. Life-
Lines was extended in a second version with support for

aggregation of temporal events [16]. The focus was on
emphasizing prevalence and temporal order of the clinical
data. A study revealed that the clinicians were able to con-
firm hypotheses on the hospital length of stay of patients.
LifeLines [13] and LifeLines2 [16] are Java software appli-
cations, thus they must be installed in a Java-capable
device. These tools provide data filters to narrow down the
data exploration and enable the user to focus on certain
aspects of the timeline.
TimeLine is a visualization software that displays EHRs

chronologically [17]. The data is grouped by categories
and displayed along a visual timeline. No assessment of
the software was reported in the article. Timeline [17]
is the closest application to Health Timeline. It features
web support, EHR interfacing and a timeline representa-
tion of data with a focus on oncology. Timeline also has
a large number of features such as causal models, imag-
ing files, data search, disease progression visualization and
data category toggling. It is probable that using Timeline
involves a learning curve as it offers several features that
would require the user to become acquainted with.
LifeFlow is a visualization tool that summarizes data

in sequences using temporal spacing of events [18]. One
physician took part in a briefing interview about the
visualization of patient transportation data. EventFlow is
a drug prescription pattern visualization [19]. A study
on the use of asthma drugs was conducted to iden-
tify patterns that complied with regulations. LifeFlow
and EventFlow are also software applications that require
installation. The data are not visualized in a timeline but
instead the representation is chronologically ordered as
a series of events and outcomes. These visualizations are
optimized for understanding the causes and outcomes of
patient admissions to hospital.

Assessmentmethods
Bertini and colleagues [20] made a strong case for the
objective assessment of visualization tools. A literature
review on assessment methods for information visualiza-
tion reports a number of practical cases and proposes a
classification of these methods. The Visual Data Analy-
sis and Reasoning (VDAR) classification group is relevant
to our study because it emphasizes the decision-making
process, knowledge discovery and visual data analysis.
We found that no assessments of this kind have been
conducted using clinical data and medical experts.

Summary
Time-based visualizations have been found helpful in sev-
eral use cases. However, without a systematic assessment
method, it is difficult to demonstrate how they improve
the understanding of the data. To provide a contribution
towards the good practice of assessment methods for clin-
ical data visualizations, we conducted and documented
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the assessment of the Health Timeline using the insight-
based methodology. This methodology has been previ-
ously used in bioinformatics [8, 21–23] and well-being
data analysis [9, 24].

Key contribution
The key contribution is to test out the insight-based
methodology for the assessment of a clinical data visual-
ization of EHRs. To our understanding, researchers have
not documented an insight-based evaluation in this spe-
cific context.

Evaluating visual data analysis and reasoning
The VDAR classification group proposed by Lam and col-
leagues [25] is relevant to this study due to the nature of
the clinical data. The purpose of our study is to measure
the degree to which a time-based visualization can assist
the data analysis and the reasoning process of a clinician
when analyzing the clinical history of a patient. In the con-
text of clinical data, we found in the research literature
that studies tend to focus on the usability of the interac-
tions with the visualization system. Other studies conduct
briefing interviews and questionnaires to try to assess the
participants’ understanding of the data. Nevertheless, a
consistent evaluation methodology is still missing.
The purpose of our study is to measure the degree to

which a time-based visualization can assist the data anal-
ysis and reasoning process of a clinician when analyzing
the clinical history of a patient. In the context of clinical
data, we found in the research literature that studies tend
to focus on the usability of the interactions with the visual-
ization system. Other studies conduct briefing interviews
and questionnaires to try to assess the participants’ under-
standing of the data. Nevertheless, a consistent evaluation
methodology is still missing.

Contextualizing the insight-basedmethodology
The insight-based methodology provides an assessment
method focusing on the insights generated by a visualiza-
tion [7]. In this approach, the insights formulated by the
visualization audience are assessed in a Likert scale from
1 to 5. To contextualize the insight-based methodology to
the clinical data domain, we consulted with two subject
matter experts to assist us in establishing the assessment
criteria of the insights.

From bioinformatics to clinical data
The insights gained in this study are analogous to
those observed in the bioinformatics context because
they demonstrate different degrees of completeness
and accuracy in the understanding of the data repre-
sented by the visualization. In the bioinformatics context,
predetermined information deemed as correct and com-
plete, was used to compare the insights obtained in the

study [8, 21, 22]. The same is true for our study, since two
professional psychiatrists reviewed the evaluation criteria.
Due to their experience, these psychiatrists were qualified
to evaluate the degree of completeness and accuracy of
the insights. These experts were also acquainted with the
clinical data used in our study.
The insight-based methodology could be used in future

studies to quantify the effectiveness of clinical data visual-
izations. This study provides details on the application of
the methodology, including the process required to estab-
lish criteria to assess the insight value. The insight value
is a key component to analyze and interpret the results of
the evaluation. We hope to provide enough documenta-
tion about the steps followed to apply the insight-based
methodology. The purpose is to provide a case study on
evaluating visualizations using the insight-based method-
ology contextualized to the healthcare domain.

Methods
In this study we documented the application of the
insight-based methodology. This process involved the
recording of insights, the formulation of a consistent cri-
teria for insight assessment and the application of those
criteria to collect and analyze the results. To this extent,
we define the goals of the study as follows:

1 To apply the insight-based methodology to assess the
Health Timeline visualization using clinical data and
Healthcare professionals.

2 To document the assessment process so that it may
serve as a reference for future studies on clinical data
visualizations.

In this section we present the experiment protocol and
the hypothesis that we proposed on the outcome of the
study. We also present the Health Timeline and explain
its design rationale. The counterpart of the Health Time-
line is a table showing the clinical history of the patient
in textual format. We refer to this table as the “baseline”.
This section also provides information about the clinical
data used in the study, as well as the order in which the
visualizations were displayed to the participants. Finally,
we explain the metrics used to analyze and interpret the
results of the study in accordance with the insight-based
methodology.

Hypothesis
We propose the following hypothesis: a time-based visu-
alization will enable clinicians to obtain valuable insights
regarding the clinical condition of patients. A valuable
insight demonstrates a complete and accurate under-
standing of the data. This understanding of the data is
corroborated by the evaluation criteria used to assess the
insight value. The criteria were designed and reviewed by
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subject matter experts. Valuable insights will translate to
better patient diagnosis. This in turn will result in bet-
ter decision-making processes thereby improving patient
outcomes.

Health timeline
TheHealth Timeline was designed to provide a simple and
interactive way to review a patient’s medical history using
a time-based visualization. For healthcare professionals,
the visualization software aims to assist in the decision-
making process when assessing the overall status of the
patient.
The Health Timeline is a cloud-based software that

acquires data from theMedicare and Pharmaceutical Ben-
efits Scheme (PBS) claims systems as part of Australia’s
“MyHealth Record” initiative. These claims include amul-
titude of information as well as pharmaceutical aspects of
patient data, including consultations, laboratory tests, in-
patient admissions and other relevant information. The
application handles the consent, sign up and compliance
processes for using the clinical data. It has received con-
formance certification from Australia’s National E-Health
Transition Authority (NEHTA) and the Commonwealth
Department of Health for use with production servers and
deployment in clinical practice.

Graphical representation and interactivity
The events in the timeline are grouped in adjacent rows.
Each event is depicted as a box. The boxes are grouped
in rows with labels on the left edge of the timeline. The
events are shown at the corresponding start date position

displayed on the horizontal axis. The width of the event
box is adjusted to the corresponding end date. The group
labels correspond to domains that are clinically relevant,
for example medical treatments, visits to the general prac-
titioner, psychiatric consultations and laboratory tests.
Users can interact with the timeline by adjusting the dis-
played time frame (start and end dates). This is done by
zooming in and out or panning left and right. Figure 1
shows an example of the Health Timeline portraying the
clinical history of a patient.

Design rationale and requirements
The rationale behind the design of Health Timeline is
to provide a web-based (usable with any device with a
web browser) visualization tool for clinicians to assist in
the process of understanding the overall condition of a
patient. The Health Timeline extracts information from
EHR systems and presents the data in an interactive
interface.
The design principles followed to develop Health Time-

line were based on a simple and comprehensive visu-
alization. In the “Related work” section, we identified
similar visualization tools. These tools supersede the
Health Timeline in terms of features and complexity.
However, in this study, the participants did not receive
an introduction or explanation on how Health Time-
line software works, this was part of the intended
strategy of the study. That is, to design and develop
a simple yet comprehensive visualization that would
require no introduction to clinicians. In other words,
we aim to provide an intuitive visualization of clinical

Fig. 1 Health Timeline. Timeline visualization showing the collection of EHRs of a patient used in the study
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data that clinicians can understand without requiring
training.
The Health Timeline builds on similar time-based visu-

alizations and tries to address the challenge of repre-
senting data clearly and in a meaningful way without
overwhelming the user with excessive details and complex
interfaces. During the first assessment, the participants
became acquainted with the Health Timeline visualiza-
tion. In contrast, more complex visualization software,
such as LifeFlow [18] or EventFlow [19] would probably
require the participants to get acquainted with the tool
before conducting the experiment.
The key requirements of Health Timeline came from

Australia’s “My Health Record” initiative and were gath-
ered from interviews with clinicians and Information
Technology experts with a background in data visualiza-
tion. These requirements are summarized as follows:

• Web-based visualization software
• Acquisition of data from Medicare and PBS
• Cloud-hosted application software
• A clean and simple user-interface. For the purpose of

the study, no tutorials or explanations were given to
the participants. This was done to “stress test” the
design of the graphical interface.

• Interactivity for data exploration (time adjustment
via panning and zooming)

Data representation baseline
The baseline representation of the clinical data is the cur-
rent interface that clinicians have to the EHRs. The tabular
data show in the baseline is the starting point of the study
and contains the same information as theHealth Timeline.
The tabular data representation allows the user to sort
the events chronologically, alphabetically, by document
type and category. Figure 2 shows an example the tabular
format representation of the baseline.

Insight-based methodology
The study documented in this article follows the insight-
based methodology as proposed by North [7]. An insight
is defined as “the capacity to gain an accurate and deep
understanding” (Oxford, 2016). As presented in the lit-
erature survey, the most prevalent approach to evaluate
clinical data visualization is to conduct briefing interviews
or to measure the performance of the user conducting
a set of predefined tasks. By contrast, the insight-based
methodology focuses on recognition and quantification of
insights gained from exploratory use of the data visualiza-
tion. In the context of this study, an insight is a unit of
discovery based on observation [8, 9, 21, 22, 24].
Insights have a quantifiable value based on the assess-

ment criteria. The proposed criteria take into con-
sideration the following characteristics of an insight
[7, 8, 21–23]:

• Observation: The observation or finding provided
by the participant during the process of analyzing the
data via a representation.

• Time: The amount of time taken to reach the insight.
• Domain Value: The value, importance, or

significance of the insight.
• Hypotheses: Some insights enable users to identify a

new relevant hypothesis.
• Directed versus Unexpected: Directed insights are

those that answer specific questions. Unexpected
insights are those that were not considered in the
design of the study.

• Correctness: Insights can be correct or incorrect
depending on the data represented in the
visualization. Some insights are incorrect conclusions
that result from misinterpreting the data
visualization. For our study, the insights formulated
by the participants need to be clinically valid
assessments on the patient’s condition.

Fig. 2 Visualization Baseline. The baseline visualization showing a set of EHRs of a patient used in the study
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Time, domain value, hypothesis and correctness are
characteristics included in this study. We did not com-
pile a set predefined of insights that the participants were
required to formulate. Instead, the focus of the study
was on allowing the participants to explore the data and
formulate observations freely. This was designed to sim-
ulate the typical use case in which a healthcare provider
is presented with a patient history and has to become
acquainted with the data in a short span of time before the
consultation. Therefore, the directed versus unexpected
characteristic was not used in our study.

Domain value criteria and insight value coding
General Criteria: The domain value of an insight is
determined using a five-point Likert scale as suggested
in the methodology [7] and applied in previous studies
[8, 9, 21–23]. The value depends on the insight’s complexity
and depth. An insight is complex if it can associate more
than one element in the data by providing a relationship
or association between them, for example; “if “a” increases
then “b” decreases”. The depth is the degree to which the
underlying reasons behind the data are explained, that is, a
plausible explanation was given that could justify the state
of the data. For instance, an explanation for values out-
side of the recommended range for certain physiological
measurements could indicate the presence of a disease.
In our study, we recognized that additional refinement
was needed for the evaluation criteria used to assess the
insight value, due to the complexity of the data.

Longitudinal Nature: Previous studies focused on the
visualization of “static” data. The data used for this study
was essentially chronological since it was comprised of
clinical histories of psychiatric patients. The medications,
appointments, inpatient and outpatient treatments were
all visualized over time for the duration of the clinical
history. Therefore, suitable criteria should evaluate the
insights considering the temporal nature of the data.

Criteria Formulation and Review Process: To deter-
mine the insight value, we applied the complexity and
depth criteria as used in previous studies. However, as
the Insight-based Methodology had not been previously
applied in this context and lacked a precedent, to over-
come this limitation, we asked two professional psychi-
atrists to assess the usefulness of the insights using a
five-point Likert scale.
The consulting psychiatrists analyzed a sample of 100

insights (extracted from the assessments made by the
participants) and evaluated them according to what they
considered informative and helpful in understanding the
patient’s condition. The consulting psychiatrists were
acquainted with the data and thus were able to under-
stand the underlying condition and overall health of the

patients. The insights provided to the consulting psy-
chiatrists included the patient identifier number and the
text transcribed manually from the voice recording. This
allowed them to have a reference to the original data to
objectively determine if an insight was accurate andmean-
ingful in understanding the medical history and clinical
condition of the patient.

Agreed Criteria and Value Coding: The result of this
process was a set of rules that enabled us to systematically
and consistently assign a numeric value (domain value) to
the insights. For example, an insight with a value of one,
describes an event in the timeline without associations
to other events or without possible explanations for the
causes behind the event. Examples of these insights are:
“the patient has an elevated heart-rate” or “the patient is
taking medication for diabetes”.
Insights that describe associations of events regarding

their frequency, pattern and irregularities were evalu-
ated with two points. These insights connect multiple
occurrences of similar events and show that the clini-
cian can track down a pattern. For example, insights like
“the patient has regular appointments with a General
Practitioner” or “the patient is taking a high dose of the
medication with regular frequency”. These insights have a
time component as the participant identifies a regularity
or irregularity in their occurrence.
The insights that include theories that could explain

some or all the symptoms and thus the reasoning behind a
prescription, or a specialist appointment, were evaluated
with three, four or five points depending on how much
information they could combine to produce a valid clinical
statement. These insights could be considered a hypoth-
esis and could explain valid clinical scenarios that result
in drug treatment, laboratory tests, specialists’ visits and
in-patient treatments. The following insight provides an
illustration: “the patient has experienced depression and
anxiety, that would explain the prescription and regular
use of the drug treatment and also visits to the specialists,
this also ties together an emergency episode in January
2013 and another admission in June, overall the patient’s
mental health improved towards the summer and it seems
that changing the drug treatment improved the outlook”.
Table 1 summarized the criteria for each value with exam-
ples extracted from the transcription of the assessments.

Thinking aloud process
The insight-based methodology recommends two mech-
anisms to record the insights, the “thinking aloud pro-
cess” and the use of a written diary to record the steps
taken during the data analysis. We aimed at making the
participation in the study as simple as possible since
the participants were professional psychiatrists with busy
schedules. For this reason, we opted to use the “thinking
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Table 1 Criteria used to determine the insight value

Value Criteria Example

1 Describe the data. No
patterns or periodicity
spotted. Values described
as “low” or “high”. No
awareness of the times an
event appears in the
dataset.

“this is a patient on
injectable antipsychotic
medications”

2 Describe periodicity or
frequency of an event.
Found patterns,
irregularities and amount
of repetitions. No
conjectures or
assumptions.

“the patient has quite a
number of GP visits in
2011, 2012 and 2013”

3 Requires a conjecture or
assumption. Try to explain
why an event or value is
repeating, missing,
following a pattern.
Speculation on the
treatment, status, follow-
up, treatment or behavior
of the patient. Prediction
on the future status of the
patient based on a single
event. No correlation with
other events. Single
conjecture explaining one
phenomenon

“patient also has an
investigation suggesting
that he has some
metabolic disease”

4 Conjecture or assumption
about two or more events.
Explanation of probable
cause and effect. Ties two
events or phenomena
together with a probable
reason or explanation. Not
all the elements in the
dataset are explained
some relationships remain
unknown to this insight.

“in summary I think it is a
patient with psychotic
illness”

5 Hypothesis that ties
together the discovered
elements and events into
one possible explanation.
Explains relationship
between events. Explains
probable underlying
reasons of the events. Ties
together all the events
mentioned beforehand.

“overall this patient
presents quite of a
complex picture of mainly
depression probably
complicated with
psychotic component
anxiety”

Examples are provided from the insights we obtained during the study

aloud process” and capture the insights, comments and
other statements via phone calls and recording software.
We later transcribed the recordings manually to proceed
to the analysis stage of the study.
The “thinking aloud process” is one of the most

common techniques in usability studies [26]. It consists of
asking the participant to verbally express the thought pro-
cess while using the system under testing. In this study, we
asked the participants to follow a link received via email

and once they were ready to begin, they called a num-
ber and started the “thinking aloud process” of verbalizing
their thoughts as they explored the data. This was an effec-
tive and convenient way to conduct the study since the
participants had the freedom to conduct the assessments
at their convenience.
By using the “thinking aloud process” we were able to

capture the actions the participants were conducting dur-
ing the assessments, for example scrolling, panning and
zooming to a particular time frame.

Clinical data
De-identified patient data used for the purpose of the
study was obtained with consent from mental health
patients with various psychiatric disorders [27]. The
patients were either outpatients seen in clinics in rural
South Australia (77) or patients reviewed in an urban
hospital emergency department (63). Ethical approval for
the study was obtained from the South Australian Health
Ethics Research Ethics Committee and the Medicare Aus-
tralia Ethics Committee. Each patient gave written con-
sent to use their data for research purposes. From the pool
of 144 patients, the de-identified data of five patients was
selected for this evaluation based on the complexity of
diagnosis and treatment.

Patient data selection
The patient selection was based on the complexity of the
diagnosis. All five cases had a diagnosed mental disorder
and received continuous care and monitoring throughout
their treatment. Three cases had in-patient episodes. A
fourth patient was compliant with the treatment and the
disorder was managed throughout the recorded period.
A fifth patient had substantial changes in overall mental
health.

Clinical data included in the study
The selected data included Pharmaceutical Benefit claims,
Medicare Benefits claims and hospitalization dates over
3 years between 2012 and 2014. The data also included
visits to General Practitioners, specialists, laboratory
tests, emergency hospital admissions, drug treatment,
among other categories. The claims records were sourced
from Medicare Australia and hospitalization events were
sourced from SA Health. Australia’s Pharmaceutical Ben-
efits Scheme (PBS) contains information about the type of
medication, amount of medication supplied, and the date
of supply, while theMedicare Benefits Scheme (MBS) con-
tains information on tests and services by Medicare eli-
gible practitioners and the associated date of the service.
The PBS and MBS measures were relabeled into clinical
terminologies by psychiatrists involved in the project. The
data used are considered a clinical history of a patient as
part of the EHR.
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Experiment protocol
The participating psychiatrists received written instruc-
tions on how to conduct the assessments. The instructions
contained 10 web links used to access a web portal that
displayed the patient data. Five assessments were con-
ducted with the Health Timeline and another five with the
tabular format. The web links displayed one patient data
set at a time in either representations.
A log-out timer was set after accessing each link. This

was done to provide the psychiatrist with three minutes to
analyze the available information and formulate insights.
Subsequently, the psychiatrist was automatically logged
out of the system and the assessment session was con-
cluded. The psychiatrists accessed the links with their
personal computers and thus they were familiar with the
browser and operating system of their choice. The psy-
chiatrist’s observations during the assessment sessions
were recorded on an answering machine over a phone
connection.
As in previous studies [8, 9, 21–23], the assessments

were transcribed from the recorded sessions. The tran-
scriptions were annotated with the times at which
the insights were mentioned by the participant. The
insights were evaluated using the previously specified
criteria.

Visualization presentation and order
All five patients were presented with both visualizations
to account for control. The display order was controlled
to first show the Health Timeline and direct any bias
towards this visualization upon starting the assessments.
There was no introduction or instructions given to the
participants on how the Timeline works. The idea was
to build a visualization that would be intuitive from
the start.
The participants conducted the same assessments inde-

pendently. The participants were asked to make one
assessment at a time. The order was the same for all the
participants. Each assessment featured the clinical data of
a single patient. The patient clinical data was presented
to the participant twice, one time in tabular data and
another in the Health Timeline visualization. The partic-
ipants conducted a total of 10 assessments, 5 with the
Health Timeline and another 5 with the tabular data. The
visualizations were alternated throughout the study. The
first assessment used the Health Timeline, the second tab-
ular data, the third Health Timeline, the fourth tabular
data and so on. The order of the patients (clinical data) was
also controlled so that no consecutive visualization would
show the same patient data.

Time constraints
The experiment was intended to be performed by clini-
cians. As such, time was a major constraint. Empirically

we have observed that taking nomore than 30min of their
time would be ideal. Keeping each assessment to no more
than three minutes was considered to be short enough for
them to be willing to take part in the experiment. The
30-min time frame was determined by the three-minute
duration of each assessment, a total of 10 assessments
which showed the clinical data of five patients with both
visualizations, Health Timeline and the textual data. Addi-
tionally, we allowed clinicians to take the assessments at
their convenience, so if a clinician was able to spare three
minutes, then that would be enough to conduct one of the
10 assessments.

Sample size
A total of 10 psychiatrists were invited to take part in
the study. Five of them accepted the invitation. Each par-
ticipant conducted a total of 10 assessments, 5 with the
Health Timeline and 5 in textual data. The presentation
order was the same for all participants.

Participants
We recruited five professional psychiatrists to participate
in the assessments. The participants had experience in the
field and had previously worked with similar patients as
those used in the study. The participants also expressed
their written consent to participate.

Data analysis
A total of 121 min of audio were transcribed. The tran-
scribed text for each insight was organized using a spread-
sheet that included the patient identifier, the participant
identifier and the time at which the insight was men-
tioned. The data set produced was saved as a comma
separated value file for further analysis and contained the
following attributes (Additional file 1):

• The experimentId refers to the sequential identifier
number of the assessments.

• The patientId refers to an identifier created for the
sole purpose of this study and is used to link together
the assessments with the de-identified patient data.
The identifier does not contain clinical or personal
information.

• The assessmentId refers to the assessment during
which the participants used either the Timeline or
the baseline to conduct their observations.

• The visualization refers to either the Health
Timeline (referred to as timeline) or the baseline
(referred to as table).

• The time refers to the time at which the insight
began to be voiced by the participant. In some cases,
multiple insights share the same starting time
indicating that they were given by the participant
during the same sentence (thought process).
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• The insight refers to the textual insight as
transcribed from the audio.

• The value refers to the domain value of the insight
which follows the criteria detailed in this article.

Metrics
As in previous studies [8, 9, 21–23], we analyzed the data
and applied the following metrics to evaluate the data
representations:

• Metrics per assessment: For each assessment we
calculated the average number of insights, as well as
their average and cumulative value.

• Number of insights: the total count of insights
across all the assessments. We also counted the
number of insights separated by their value (from one
to five points).

• Time to first insight: the time required by the
participant to formulate the first insight regardless of
its value. Additionally, we also calculated separately
the insight time for each of the values.

Statistical tests
Mann–Whitney–Wilcoxon (MWW) was used to calcu-
late the statistical significance of the metrics per assess-
ment and the time to first insight since they are not normal
distributions. MWW is the recommended method for
these distributions [28, 29].
The statistical significance of the total number of

insights was calculated using standard Chi squared
because the two populations could be treated as categori-
cal data. The insight value corresponds to the categories,
the values are discrete from 1 to 5 using a Likert scale.
Therefore, the statistical significance can be obtained with
Chi squared [29].

Results
The participants completed all 50 assessments per the
protocol. The total duration of resulting recordings was
78,783 s, mean and standard deviation was calculated
for the distributions (69.47μ ± 51.63σ ). The recordings
resulted in 1,134 transcribed insights (per participant
22.68μ ± 9.70σ ).

Metrics per assessment
The collection of insights was analyzed to calculate the
average number of occurrences, the mean and cumula-
tive value for each assessment. Figure 3 illustrates, using
box plots, the difference in the metrics per assessment
and Table 2 summarizes the characteristics of the distri-
butions such as the minimum, maximum, mean, median
and standard deviation.
The distribution of the number of insights per assess-

ment was not statistically significant, with the Timeline
having an average of 22.32 insights compared to the

baseline with 23.04 (p = 0.7047). The mean value with
the Timeline (1.70) was higher than the baseline (1.26; p =
0.01). Similarly, the cumulative value with the Timeline
(34.68) was significantly higher than the baseline (24.96;
p = 0.01).

Number of insights
The value of each insight was collected from the dataset.
The distribution is shown in Table 3 as a total count of
insights by value. The total distribution of insights was not
statistically significant. The Timeline (558) had a lower
count that the baseline (576; p = 0.7). Table 4 shows
the characteristics of the value distribution. The average
and median insight value with the Timeline (μ = 1.0833;
Md = 1; σ = ±1.10) was higher than the baseline (μ =
1.55;Md = 2; σ = ±1.25; p< 0.01)
Table 3 shows that the distribution was statistically sig-

nificant for insights of value 1 (p = 0.03), 2 (p < 0.01), 4
(p < 0.01) and 5 (p < 0.01) but not for value 3 (p = 0.53).
Insights of value 3 or more demonstrate an understanding
of the data that can detect patterns. A total of 81 insights
were observed using the baseline compared to 118 with
the Health Timeline. Additionally, only 7 insights of value
five were generated and all occurred with the Timeline.

Time to first insight
The average time at which the participants formulated
their first insight was analyzed. Figure 4 shows the
distribution and Table 5 shows the calculated values with
their statistical significance. For insights of any given
value, the Timeline was slower (13.16 s) compared to the
baseline (7 s; p < 0.01). Insights with a value greater than
one and two were also slower with the Timeline (22.24 s
and 51.21 s) compared to the baseline (20.36 s; p = 0.14
and 40.01 s; p < 0.01). For insights with a value greater
than 3, the Timeline was faster (68.44 s) compared to the
baseline (92.83 s; p < 0.01). Only the Timeline was able to
generate insights of value greater than 4 with an average
time of 63.50 s.

Discussion
The insight-based methodology applied to this case study,
provided an approach to quantify the degree to which a
visualization tool assisted the process of understanding
longitudinal clinical data. The design of the study enabled
us to investigate the usefulness of a visualization in a real-
world environment with medical doctors as participants
of the study (domain experts and the intended audience
for the visualization software).
The high number of low value insights from the base-

line visualization could be partly explained by difficulty in
putting together smaller units of information contained in
each row of the tabular format. This, in turn made it dif-
ficult to derive deeper and more complex insights leading
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Fig. 3Metrics per assessment. The box plots represent the number of insights, mean and cumulative value of the insights per assessment

to a hypothesis. In contrast, the Health Timeline assisted
participants in generating higher value insights at the cost
of a longer time delay. Health Timeline could have encour-
aged the participants to take a more “deliberate” approach
when making decisions about the data, which was in turn
reflected in the insights derived during the assessments.

Possible generalization of the results
It can be said that in the context of longitudinal clinical
data, a time-based visualization of chronological events
assists its audience better than textual information. In this
context, the data visualization assisted the participants
in gaining a greater understanding of the data (com-
plete and accurate). In some cases, clinicians were able to
understand the clinical history of the patients, formulate a
diagnosis and suggest treatments.
This study shows the need to use a structured assess-

ment methodology in the context of healthcare to

determine the extent to which a visualization can assist
clinicians to understand data. Without an objective
assessment, it becomes subjective to state with confi-
dence that one visualization is “useful” or “better”. Lam
and colleagues [25], as well as Bertini and researchers
[20] also emphasize the importance of structured assess-
ment methods to evaluate data visualizations. This study
also serves as a documented example of a contextualized
assessment of visualizations in order to provide a use-
case evaluation that is based on a real-life scenario. Even
though the results of this study are encouraging, a larger
study is warranted to examine objective outcomes and the
impact that clinical data visualization may have in patient
outcomes over longer periods of time.

Limitations and considerations
To facilitate participation in our study, we applied the
insight-based methodology with the “thinking aloud
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Table 2 Metrics per Assessment

Metric Baseline Health Timeline p-values

Number of insights min = 6 min = 5 0.70

max = 42 max = 42

μ = 23.04 μ = 22.32

Md = 23 Md = 21

σ = ±10.43 σ = ±9.12

Cumultive value min = 8 min = 10 0.01

max = 45 max = 56

μ = 24.96 μ = 34.68

Md = 24 Md = 38

σ = ±10.96 σ = ±11.87

Mean value min = 0.21 min = 0.78 0.01

max = 2.17 max = 2.71

μ = 1.26 μ = 1.70

Md = 1.21 Md = 1.60

σ = ±0.52 σ = ±0.57

The table shows the insights generated by participants using Health Timeline and
the visualization baseline per assessment. Statistical significance is shown in the p
column using Mann-Whitney U tests

process”. All the audio recordings were transcribed for
evaluation. The sample size and the clinical data used in
this study required a large number of working hours for
the transcription and evaluation of the insights. Increasing
sample size or participants would improve representa-
tiveness and statistical reliability of the results but at the
cost of a greater number of hours, which was outside our
resources, unfortunately. Therefore, the generalizability of
this study may be limited, and further studies would be
desirable to confirm our findings.
Another limitation of the study was the time available

to conduct the assessments. Even with the relatively brief
time window of 30 min, we failed to recruit more subjects.
This could probably be explained by the busy schedules of
the psychiatrists.
The evaluation criteria, even though revised and peer-

reviewed by domain experts, could also be subject to

Table 3 Insight Distribution

Metric by
Insight Value

Baseline Health Timeline Ratio p-values

Any 576 558 1.16 0.70

1 175 114 0.65 0.03

2 98 178 1.82 0.01

3 71 78 1.10 0.53

4 10 32 3.20 0.01

5 0 7 — Non-significant

The table shows the distribution of the insights according to their domain value.
The ratio column shows the observations of the Health Timeline divided by the
baseline. The p-values are obtained using Wilcoxon Signed-Rank Test

Table 4 The table compares the distributions showing the
minimum, maximum, median, average and standard deviation of
the two populations, in this case these are the Health Timeline
and the baseline representation

Metric Baseline Health Timeline p-values

Insight Value min = 0 min = 0 < 0.01

max = 4 max = 5

μ = 1.0833 μ = 1.55

Md = 1 Md = 2

σ = ±1.10 σ = ±1.25

The statistical tests were conducted with Chi-squared since the populations can be
treated as categorical data (value 1 to 5 each comprise their own category)

bias. A larger group of domain experts could provide
more objective criteria. It is possible that experts that
were not acquainted with the data might have provided
better evaluation criteria, as these experts would have
a fresh look at the clinical data without preconceived
notions.
Given the results obtained in this study, we propose a

further study to test if the visualization can assist a larger
group of experts in providing higher quality of care to
patients. Such a study would require a larger number of
participants, a larger number of patients with the required
ethical approval and a randomized controlled trial.

Clinical data in a real healthcare context
The clinical data used in this study did not include
diagnoses and notes taken by the practitioners during
previous consultations. This was deliberate to allow the
participants to come up with their own conclusions and
assessments.
In a real life scenario, practitioners would have access

to the diagnoses, notes and observations made by other
clinicians. For the purpose of the study, we did not want
to include this information to test the effectiveness of the
visualization. The insights formulated in the assessments
were our measurement to let us know the degree to which
the participants were able to understand the clinical data
without any previous information. We acknowledge that
this is not an entirely realistic scenario however, for the
purpose of the experiment, it allowed us to understand the
usefulness of the visualization.
The clinical data was comparable to the reality of the

healthcare context because it was extracted directly from
real patients. In terms of complexity, we selected patients
with a high degree of complexity of their treatment, in-
patient events and diagnosis to base the study on complex
real-life scenarios.

Conclusion
This study detailed the assessment of a time-based
EHR visualization software by applying the insight-based
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Fig. 4 Time to first insight. The box plots represent the time to first insight of any value, value 3 or higher and value 4 or higher

Table 5 Time to First Insight

Insight Value Baseline Health Timeline Ratio p-values

Any μ = 7 μ = 13.16 1.88 < 0.01

σ = ±10.02 σ = ±14.24

> 1 μ = 20.36 μ = 22.24 1.09 0.17

σ = ±16.66 σ = ±18.48

> 2 μ = 40.01 μ = 51.21 1.28 < 0.01

σ = ±29.96 σ = ±45.98

> 3 μ = 92.83 μ = 68.44 0.74 < 0.01

σ = ±51.27 σ = ±59.88

> 4 μ = 0 μ = 63.50 — < 0.01

σ = 0 σ = ±60.06

The table shows the mean and standard deviation of the time to first insight from
any value to values 1 to 5. The ratio column shows the observations of the Health
Timeline divided by the baseline. The p-values are obtained using Wilcoxon
Signed-Rank Test

methodology. The results show that the Health Time-
line data visualization tool supported the generation of
valuable insights following the proposed criteria. Further-
more, the use of the assessment method demonstrates the
feasibility of applying a consistent methodology to assess
visualization techniques and tools in the clinical context.
We propose that the insight-based methodology could be
used in future studies as a methodological approach to
assess the value of a clinical data visualizations.

Additional file

Additional file 1: A comma-separated values data file containing the
transcribed insights, with the annotations used for the study. The file is in a
standard format and is machine-readable. The annotations of the file are
detailed in the “Data analysis” section of this article. (CSV 24 kb)
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