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Abstract: Map-based dashboards are among the most popular tools that support the viewing and
understanding of a large amount of geo-data with complex relations. In spite of many existing design
examples, little is known about their impacts on users and whether they match the information
demand and expectations of target users. The authors first designed a novel map-based dashboard to
support their target users’ spatiotemporal knowledge acquisition and analysis, and then conducted
an experiment to assess the feasibility of the proposed dashboard. The experiment consists of
eye-tracking, benchmark tasks, and interviews. A total of 40 participants were recruited for the
experiment. The results have verified the effectiveness and efficiency of the proposed map-based
dashboard in supporting the given tasks. At the same time, the experiment has revealed a number
of aspects for improvement related to the layout design, the labeling of multiple panels and the
integration of visual analytical elements in map-based dashboards, as well as future user studies.

Keywords: dashboard; eye-tracking; spatiotemporal analysis; usability

1. Introduction

Interactive dashboard is a multimedia presentation style that concisely combines texts, images,
charts, maps, videos, and gauges to allow users’ instant perception. The interactions on dashboards,
such as selecting, filtering, searching, arranging, or drilling down, would additionally empower
users with the flexibility to view and explore information effectively [1]. Few [2] describes dashboard
as “a visual display of the most important information needed to achieve one or more objectives,
consolidated and arranged on a single screen so the information can be monitored at a glance”.
With the increasing amount of data available in a variety of domains, e.g., natural resources
and urban infrastructures, the map-based dashboard with its dedicated components of maps and
geovisualizations has become a popular tool that provides an at-a-glance overview of geospatial
knowledge and supports stakeholders in making strategic decisions that lead to innovative
businesses [3]. Map-based dashboard are designed to present a collection of data, and also to
support the visual learning and analytical reasoning of geospatial knowledge [4]. For example,
map-based dashboards are often designed to present heterogeneous georeferenced information to
citizens and to encourage them to comprehend their living environments. We list several popular
map-based city dashboards in Figure 1. In these city dashboards, maps are applied as the main
visualization method to organize and show the information from a spatial perspective. The Dublin
Dashboard (Figure 1a) is designed to display the census mapping. The spatial distribution, temporal
trend, and detailed data values can be interactively retrieved via the dashboard. The Boston Dashboard
(Figure 1b) shows train and bike station information on maps, giving users an overview of their
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locations and the distribution. In addition, the juxtaposition of the maps allow users to correlate
the distributions of the trains and bike stations. The Galway Dashboard (Figure 1c) utilizes maps
and charts to show various factors related to enterprise and industry. The geovisualizations in this
dashboard are arranged like a waterfall on a web page so that users scroll down to check the factors
one by one. In general, the map-based dashboards focus on a limited number of factors, showing the
spatial and numerical distribution of the data in a self-explanatory way. The users can drill down to
the data values, subsets, and a deeper understanding such as correlation and causality through simple
interactions. In addition, acquiring knowledge from the dashboard has to be fast. Studies have reported
that it takes less than two minutes to construct a single piece of knowledge from a dashboard [5–7].
It is important to note that some studies show that high-level spatiotemporal analysis is a growing
need among dashboard users, such as spatial search, comparison, correlation analysis, prediction,
and outlier detection [1,8]. The design of effective map-based dashboards with proper analytical
functions is generally challenged by constraints such as at-a-glance display, limited viewing time,
and limited user ability to understand complex geospatial data [9–11].

(a) (b) (c)

Figure 1. The screenshots of three city map-based dashboards. (a) Dublin dashboard [12]. (b) Boston
dashboard [13]. (c) Galway dashboard [14].

Visual analytics is a booming field for the identification and understanding of complex data
patterns by combining the machine‘s computing capability and human visual perception [15]. Effective
visual interface design and complex interactive visualizations have been proposed to facilitate the
visual analytical procedure. For example, Robinson et al. [16] (2015) have applied visual analytics
methods to identify geo-located events patterns in social media data. They have designed an interface
with multiple-linked views to visualize the temporal trend, spatial locations, keywords, and detailed
media texts. In a follow up study, Pezanowski et al. [17] (2017) have designed an interface of multiple
linked-views with a map, a table, and a matrix to support the correlation analysis among the detected
events in social media. Li et al. [18] went a step further by combining different visualizations in
each view to reveal significant occurrence patterns, i.e., co-, pre-, and post-occurrence patterns for
pairs of locations. They designed map multiples with a timeline to show the spatiotemporal patterns,
juxtaposed bar charts and radial charts to show the (re)occurrence patterns. To satisfy the increasing
demand of dashboard users on overviewing spatiotemporal distribution of regional phenomena
and their relationship, we propose to integrate the visual analytics approach with dashboards and
set the emphasis on the design of analytical functions following the principle of understanding
at a glance. For instance, data acquisition and analysis can be better supported by dashboards
after applying the high interactivity characteristics. Users may solve simple tasks (identifying,
locating, and distinguishing) and complex analytical tasks (cluster identification, ranking, comparing,
associating, and correlating) [1,19] by quickly viewing and interacting with a map-based dashboard.
Yalçın et al. [7] (2018) have proposed a dashboard with multiple-linked views to support novice users
to identify tabular data patterns. They used maps and basic charts (bar chart, line chart, and pie chart)
in each view to present a perspective of a dataset. Nazemi et al. [19] (2019) proposed a dashboard with
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the juxtaposition of visualizations such as a map, a chord diagram, small multiples, and a bar chart to
allow users to perform analysis and comparison tasks.

Whether dashboards are useful and effective depends highly on user-centered evaluation [20].
User studies are commonly used to evaluate various types of cartographic visualizations. Numerous
studies have focused on investigating the influence of specific design elements on interactive maps.
Evaluating the user experience and usability of the geovisualizations in high-level spatial insights
construction should be further studied [21–23]. Andrienko et al. [24] have proposed two types of
analysis tasks, i.e., identification and comparison, to evaluate analytical geovisualizations. These two
types of tasks differ in cognitive operations. The identification tasks focus on finding the characteristics
of objects or locations. The comparison tasks require one to compare or summarize characteristics
in different times or places. Yalçın et al. [7] have grouped the insights constructed by users into five
categories: fact, min/max, correlation, distribution, and comparison. Bogucka et al. [25] proposed
benchmark tasks that differ in query types, search output, and cognitive operations. In our work
for the evaluation of the designed map-based dashboards, we propose three identification tasks and
three reasoning tasks, each differing in search output, query type, dashboard interaction, and data
uncertainty.

Popular methods for the evaluation of map-based dashboards include survey, interview,
think-aloud, and eye-tracking [26]. Robinson et al. [16] have evaluated their map-based interface with
a task-solving session and a survey on 25 domain experts. These two tasks were open-ended tasks,
requiring the users to understand spatiotemporal patterns. In their survey of usability and utility,
they applied the System Usability Scale method [27]. In a further study, Pezanowski et al. [17] have
conducted an online usability and utility survey with 23 completed responses out of 327 participants.
Many evaluations are done by interviewing the experts [18,28–31]. The expert interview gives
self-reported outcomes, but the outcomes could be biased. McKenna et al. [32] and Yalçın et al. [7]
conducted an evaluation on their dashboards by the think-aloud method during free exploration and a
post-survey. The think-aloud session can reflect the usability in a natural usage scenario. Many studies
use the eye-tracking method to externalize the knowledge construction procedure of users in viewing
geovisualizations. In such studies, the authors collect and analyze eye movements when users are
performing the predefined tasks. Hegarty et al. [33] found that users are more likely to be attracted
by visually complex visualizations than simple ones. Opach et al. [34] have used the eye-tracking
method to study the viewing strategy of users in obtaining insight on multi-component animated
maps. They analyzed the order of response accuracy, fixation durations, dwells and transitions of the
area of interests (AOIs). Bogucka et al. [25] accessed the feasibility of a space-time cube by analyzing
the tasks’ complete rate, duration, and search strategy from the eye movement data. Popelka et al. [35]
have evaluated analytical maps by analyzing participants’ attention, fixation sequence, and comparing
the viewing points between correct and wrong answers. They formed a set of suggestions for the
map-based interactive analytical application design.

In this study, we evaluated the effectiveness and efficiency of our proposed map-based dashboard
by means of eye-tracking and interviews. The evaluated map-based dashboard is composed of multiple
linked-views, and aims at supporting users in acquiring and analyzing geo-knowledge, such as spatial
distribution, clusters, correlation, and temporal trend, at a glance. The dashboard is implemented as a
web-based prototype so that users can interact with it during the experiment. Our experiment consisted
of two major components. First, we designed six tasks and collect the eye movement data when the
participants were performing the tasks. Next, we interviewed the participants about their attitudes
towards the dashboard. We then analyzed the eye-tracking data and interview results using a variety
methods to reflect the effectiveness and efficiency of the dashboard. The remainder of this paper is
structured as follows: Section 2 introduces the design of the map-based dashboard. Section 3 describes
the design of the experiment. In Section 4, we analyze the results of the experiment. Section 5 discusses
the performance of the dashboard and the limitation of our experiment. In Section 6, we provide our
conclusions from this study and offer outlooks for the future.
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2. Design of the Dashboard

This section introduces the background for designing and implementing the dashboard, the test
data, and the visual user interface of the proposed map-based dashboard.

2.1. Background

In a fast-developing society, stakeholders in many domains are updated with rapidly and
constantly changing information about their surrounding economic environment. McKenna et al. [36]
have studied the information needs of different stakeholders in an enterprise. The analysts need
the most detailed information to understand how each factor changes at each location and time.
The managers and directors need more general information, such as data distributions and trends.
The chief executive officers (CEOs) need the most general information, and they care more about the
future trend rather than historical events. Previous studies have suggested that dashboards serve as an
effective tool for stakeholders in their decision-making procedure [1,37]. According to the information
needs of stakeholders, dashboards are categorized into three main types according to their roles:
operational, analytic, and strategic [2]. The operational dashboards aim to monitor the situation with a
high temporal resolution and use dynamic visualizations to show the changes in detail. The analytical
dashboards present patterns at a higher abstract level, and provide interactions for users to explore
further information. The strategic dashboards provide an overview of the most general information
and require fewer updates and interactions.

A map-based dashboard was designed in this study for stakeholders like leaders of small and
medium-sized enterprises (SMEs) and citizens. These stakeholders need the overview information as
well as certain analytical functions to understand and analyze the factors of the economic environment
to make their decisions. They want to answer typical questions such as how high the population density
in a city is, how much the average income of the citizens is, what is the trend of the economic-related
factors in recent years, and how the economic development and transportation infrastructure correlate.
Thus, we have designed our dashboard as an analytical map-based dashboard that not only shows the
overview of the spatiotemporal patterns of multiple economic factors, but also supports users to fulfill
their analytical tasks.

2.2. Test Data

Our test datasets are socioeconomic data at the municipality level provided by Yangtze River
Delta Science Data Center (http://nnu.geodata.cn:8008/). The datasets originated from the census
data. The datasets cover various topics, including gross domestic product (GDP), public investment,
industrial output, population, and employment. In this study, we have selected four representative
categories of socioeconomic environment, including enterprise, GDP, population, logistic, and have
further identified 22 related factors in these four categories. The temporal coverage is from 2013 to 2015,
where the data is available in most municipalities. Table A1 in the Appendix A shows the categories
and factors used in this study.

We have chosen Province Jiangsu, China as the study area. Jiangsu is located in the east of China,
at the lower reaches of the Yangtze River, which covers 107,200 km2 and 98 municipalities. The sizes
of the municipalities vary from 54 km2 to 3059 km2. With over 80 million people, Jiangsu is among
the most densely populated and economically fastest developed regions in China. In recent years,
the industry structure is undergoing rapid transformations in Jiangsu. Therefore, mastering the local
economic conditions is very valuable for the stakeholders.

2.3. User Interface

We aim to show the users the overview of the spatiotemporal patterns of various economic
factors, reveal their correlations, and allow users to compare the patterns at different levels of detail.

http://nnu.geodata.cn:8008/
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The interface of our dashboard consists of five panels, (A) the title panel, (B) the toolbar panel, (C) the
spatial panel, (D) the temporal panel, and (E) the ranking panel.

Figure 2a shows the interface and its components. The title panel shows the topic of the dashboard.
The toolbar panel allows users to reset maps, reset selections, and read explanations to various factors.
The spatial panel presents the spatial distribution of multiple factors on maps. Each map shows a
socioeconomic category, i.e., enterprise, GDP, population, and logistics. There are several layers within
each map, and each layer shows one factor. The temporal panel shows the temporal trend of the data
distribution along time. When a county is selected, its historical data is displayed as a bar chart in
the temporal panel. The ranking panel presents the top five municipalities from the four economic
categories respectively. The color scheme of these panels is kept consistent. Each category of factors is
represented with a single-hue color scheme, where category enterprise is represented in red, GDP in
purple, population in green, and logistic in blue.

Moreover, the interactions are shown in Figure 2b. The spatial, temporal, and ranking panels are
linked, and serve together as an at-a-glance representation of the economic condition of the study area.
The search function allows users to locate any county in the area. When a county is searched, the maps
are zoomed in to this county and the temporal data of the searched county are shown. The factors
can be selected by the switching function. Whenever a county or a factor is selected on one panel,
this selection is applied to other panels. The four maps are sychronized in zoom level and central point.
When users move one map, the others follow. Last but not least, users can reset the maps, reset the
whole dashboard, and read the available factors and the their detailed information (see Table A1) by
clicking the buttons on the toolbar.

(a) The panels of the dashboard design. The panels are labeled as: A the title panel, B the
toolbar panel, C the spatial panel, D the temporal panel, E the ranking panel.

Figure 2. Cont.
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(b) The interactions of the dashboard. The functions are labeled as: 1 searching, 2 and 3
hovering, 4 and 5 highlighting and hiding, 6 – 9 switching context.

Figure 2. The interface and the interaction design of the map-based dashboard.

This dashboard design allows users to retrieve detailed information on demand. For example,
users can retrieve the value of a factor of a certain municipality in a certain year. Furthermore,
the dashboard supports users in obtaining high-level knowledge. For instance, users can learn
the temporal trend of a factor, compare the spatiotemporal distributions of factors in different
municipalities, compare the patterns of several factors of one specific municipality, or visually find
correlation among factors. The dashboard interface was developed in JavaScript. The maps and
charts were developed based on open source libraries such as Leaflet (https://leafletjs.com/) and
ApexCharts.js (https://apexcharts.com/). We used Bootstrap (https://getbootstrap.com/) to arrange
the layout of the dashboard. The interface can be browsed in various web browsers, such as Google
Chrome, or Firefox.

3. Design of the Evaluation Experiment

This study aims to access the feasibility of the map-based dashboard for knowledge acquisition,
especially with regard to spatiotemporal patterns and correlations in socioeconomic data. We have
designed a qualitative study to collect and analyze the performance of the dashboard. More specifically,
we have evaluated the effectiveness and efficiency of the dashboard by analyzing participants’ gaze
behavior and studying their attitudes towards the dashboard. To achieve this, we set up several
benchmark tasks at several difficulty levels and designed an eye-tracking experiment to collect the
participants’ visual attention. Then we conducted an interview to collect feedback. In this section,
we describe the design of these evaluation methods in detail.

3.1. Participants

We recruited 40 participants with the means of short introductions in classrooms, posters on
the campus, and online advertisements. One of the participants dropped out of the experiment due
to near-sightedness. The remaining 39 participants had normal or corrected-normal eyesight and
completed the experiment. After the experiment, we found that the eye-tracking ratios of seven
participants were less than 70%, and could not be considered. Thus, the analysis was based on

https://leafletjs.com/
https://apexcharts.com/
https://getbootstrap.com/
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the recoded eye movement data from the remaining 32 participants. Among the 32 participants,
there were 17 females and 15 males. Their average age was 25.9, with a standard deviation of 2.36.
The participants had diverse educational backgrounds: one participant had high school or equivalent
degree, 17 participants had bachelors’ degree, and 14 participants had masters’ degree. They had
various interactive dashboard usage experience. Twelve participants had used dashboards more than
five times, five participants had used less than five times, eight participants had heard about it but
not used, seven participants had never heard about it. In addition, none of the participants had ever
lived in the study area. To clarify: in this paper the participants are the volunteers who took part in
our experiment, the users refer to our target users of the designed dashboard.

3.2. Apparatus

We used a Gazepoint GP3 eye tracker, equipped with the software Gazepoint Analysis to collect
eye movement data. The eye tracker has a 0.5–1 degree of visual angle accuracy and 60 Hz update
rate. As Figure 3 shows, the eye tracker was placed under a monitor. We used two 2560 × 1440
resolution DELL monitors, one of which was for the participants to explore the dashboard, another for
the controller of the experiment. The dashboard was running on a local server with Google Chrome
as the browser. The participants were provided with a keyboard and a mouse to interact with the
dashboard. The experiment environment was set up in the eye-tracking lab at the Technical University
of Munich. The experiment lab was in a stable, quiet condition, and with scattering light during
the experiment.

Figure 3. A picture showing the experiment environment. A participant (left) was doing the
eye-tracking experiment with the Gaze Point GP3 eye tracker, while a controller (right) was observing
the eye and mouse movements of the participant on a second screen.

3.3. Benchmark Tasks

Considering the tasks in [7,24], Zuo et al. proposed four benchmark tasks in dashboard usability
testing in [38], which differ with regard to cognitive operations. However, the tasks were open-ended
and caused great variations in participants’ answers. In this study, we have proposed six close-ended
benchmark tasks in different cognitive operations and dashboard interactions. These tasks belong to
two types: (1) identify specific value(s) from the dashboard, and (2) compare or summarize high-level
knowledge based on the facts found via the dashboard. For each type we proposed three specific
tasks with increasing difficulty. The tasks were presented as statements that should be judged by
the participants as being correct, wrong, or unknown based on their interactions with the dashboard.
Table 1 describes the six statements and their associated answers.

The execution of these proposed tasks involves different search areas, periods, attributes,
querying types, cognitive operations, dashboard interactions, and data availabilities. Table 2 outlines
the complexity of each task in the aforementioned aspects. T1, T2, and T3 require participants to
locate a value (or more) from the dashboard and make basic comparisons. The cognitive operation
difficulty increases from T1 to T6. T1 requires participants to only find a value of an area. T2 requires
participants to compare the values in an area. The cognitive complexity of T3 is higher than T1
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and T2, because participants need to compare the values of multiple areas. T4, T5, and T6 require
participants to summarize the patterns from multiple areas. T5 is slightly more complex than T4,
because more search attributes and more dashboard interactions are involved. T6 is the most difficult
task, because it requires participants to deduce the results from incomplete data, and the participants
need to understand the economic concept “industrialized level”.

Table 1. The six statements and their associated answers of the benchmark tasks.

Task Number Statement Answer

Task 1 In 2015, the Tertiary Industry value of Qidong is 85 billion Chinese Yuan (CNY). Wrong
Task 2 The number of enterprises in Jintan increases from 2013 to 2015. Unkown

Task 3 In 2015, among all the counties in Jiangsu, Kunshan has the largest number
of enterprises. Correct

Task 4 The south part of Jiangsu is economically stronger than the north part. Correct

Task 5 In Jiangsu, the more employees in a county, the higher the citizens’ disposable
income is. Wrong

Task 6 In Jiangsu, the longer the total length of the road of a county, the higher the
industrialized level is. Wrong

3.4. Experiment Tool

To guide participants through the hands-on part of the experiment, we developed an interactive
experiment tool on the dashboard interface. As shown in Figure 4, the tool is in the left side of the
dashboard with a dark background color to differentiate with the data visualization panels. It consists
of eight items, including the first item of “Start free exploration”, the six items of Statement 1–6, and the
last item of “Finished!”. When an item is clicked, the item expands with a concrete instruction of the
step. When the item Start free exploration is clicked, it shows the instruction of “Please start tasks in
3:00 minutes!”. The number is a real-time countdown clock to remind participants of the remaining
time during the free exploration. Note that the six tasks were shown in a random order for each
participant in the Statement items. Thus the influence of the order for the response time of tasks was be
minimized. The item “Finished!” confirmed the completeness of tasks and informed the participants
that they were free to move their bodies. The participants were asked to click the items following
the order from top to bottom. Only one item could be clicked at one time. After clicking a new item,
the dashboard on the right side is reset.

Figure 4. The integrated experiment tool with the step guides. The screenshot shows when the “Start
free exploration” item is clicked. On the right side, it shows an example of the items being clicked.
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Table 2. Benchmark tasks for the evaluation the map-based dashboard.

Tasks T1 T2 T3 T4 T5 T6

Description Find an attribute Find the attribute Identify a place with the Summarize the spatial Compare the spatial Abstract the attributes.

of a place. temporal trend of a place. highest attribute value. distribution of an attribute. distribution of two attributes. Compare the spatial
distribution of two attributes.

Search Area Single Single Multiple Multiple Multiple Multiple

Search Time Single Multiple Single Single Single Single

Search Attribute Single Single Single Single Multiple Multiple

Query type State Change Order State State State

Cognitive Operation Identification Comparison Identification, Comparison Comparison, Summary Comparison, Summary Comparison, Summary, Deduction

Dashboard Interaction Query, Switch content Query, Highlight * Switch content * Switch content * Switch content Switch content *

Data Availability High High High High High Middle

* Owning to the default layer setting, the interactions are optional.
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3.5. Procedure

The experiments were conducted from 26th November 2019 to 21st December 2019, in the
Eye-tracking lab at the Technical University of Munich. The experiment was conducted in consecutive
order, with one participant following the other. The participants were allowed to terminate the
experiment at any time. The experiment consisted of six steps: pre-experiment, introduction,
calibration, free-exploration, task-solving, and interview. In addition, all the steps were carried
immediately after the other. In this section, we introduce each step in detail.

Pre-experiment. Before the experiment, each participant had several minutes to relax, because we
found that many participants were too nervous or excited to start the experiment directly. When the
experiment started, we first informed the participants about the data protection policy, the approximate
duration, the experiment steps, and the data collection. If the participant agreed, we would proceed
with the experiment. The participants were then asked to fill out a form with their personal information,
including gender, age, education level, and dashboard usage experience.

Introduction. We conducted a standard introduction for the participants. The introduction
included a short description of the factors and operation tutorial of the dashboard, namely data
categories and factors, panels of the dashboard, and the experiment tool. The participants were
allowed to ask usage-related or general questions in this step. Additional information that might have
influenced the results of the experiment was not given.

Calibration. First, we asked the participants to find a comfortable position while keeping their
eyes within the detection range of the eye-tracker. We informed the participants that they needed
to hold the position during the calibration, free exploration, and the task-solving steps. We then
repeatedly calibrated the eye tracker until it met the experimental requirement.

Free-exploration. During this step, the eye movements of the participants were tracked.
Every participant was asked to explore the dashboard freely for three minutes. All the participants
were allowed to view or interact with the dashboard freely. They began this step by clicking the Start
free exploration item on the experiment tool. They could check the time with the countdown clock
on the experiment tool, or the experiment controller would remind the participants when the time
was up.

Task-solving. The task-solving step was also performed while the eye movements was being
tracked. The participants solved the tasks following the order of Statement showing on the experiment
tool. After clicking and reading the task item, they could interact with the dashboard and check the
answers as correct, wrong, or unknown on a prepared sheet. After finishing a task, they were only
allowed to proceed to the next task and could not return to or change any previous answers. The tasks
did not have a time limit for completion.

Interview. In the last step, we interviewed each participant with four questions. First, we asked
the participants to rate their confidence levels of the answers in the range of 1 (not confident at
all)–10 (very confident). Second, we asked them to rate the difficulty level of using the dashboard
between 1 (very hard)–10 (very easy). Third, we asked them to list the design elements that helped
them during the completion of the tasks. Lastly, we asked them to list the design items or elements that
were not easy to understand or interact with. During the discussion, the participants were also asked to
describe more whenever necessary. The answers of the participants were recorded as written protocols.

3.6. Methods of Analysis

We analyzed the acquired eye-tracking data and the interview results to assess the performance
of the designed map-based dashboard. We focused on analyzing five themes: the attraction of the
panels, the effectiveness of the dashboard, the efficiency of the dashboard, the task-solving strategy of
the participants, and their attitude towards the dashboard.

We explain these five themes in detail. (1) The attraction on the dashboard panels was well
reflected by the visual fixation on the dashboard during the free-exploration stage. To show the
attention distribution, we visualized the fixation positions in the first 90 seconds using heatmaps.
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(2) The effectiveness is measured by the task-solving correctness. We compared the success rates
in solving the benchmark tasks first among the different cognitive complexities, second among the
increasing familiarity of the proposed dashboard, and finally among different participant groups.
More specifically, we assumed that the familiarity of the proposed dashboard increases while the
participants were carrying out the tasks. (3) We measured the efficiency using the response time
of completing a task. The duration of each task-solving step was recorded between the starting
click and the ending click. Similarly, the response time was also compared according to different
cognitive complexities, the familiarity of the proposed dashboard, and different participant groups.
In addition, the response time was compared between the successfully and unsuccessfully performed
tasks. (4) The search strategies of the participants were measured. These were comprised of the search
sequence, average dwell time, and the transition and return probabilities among the Areas of Interest
(AOIs) in each task. According to [39], we listed the selected metrics of the eye movements in Table 3.
We selected seven AOI areas on the dashboard shown in Figure 5, including Task, AOI Enterprise,
AOI GDP, AOI History, AOI Population, AOI Logistic, and AOI Ranking. Since we focused on how the
participants construct knowledge via multiple panels, the AOIs were selected based on the dashboard
panels and their contents. The spatial panel was divided into four AOIs, as each map shows different
categories of data. Moreover, these metrics were visually analyzed. The sequences of the fixations
on the AOIs were visualized in sequence charts, with each fixation shown as a color block along the
timeline. Based on the visualization method of transition states proposed in [40], we designed a dwell
and transition chart to show the eye movement patterns between the AOIs. In this chart, each AOI
is represented by a circle, and the radius stands for the average dwell. The transition between two
AOIs is represented by a line, and the width stands for the transition probability. (5) The attitude of
participants is reflected by their answers from the interview. The confidence rates and overall usability
rates were qualitatively analyzed. The positive and negative design items listed by the participants
were grouped in the dashboard panel, layout, interaction, and others.

Table 3. The selected eye movement metrics.

Metric Description

Sequence The order of fixation within the AOIs.
Dwell time The sum of all the fixations and saccades within an AOI.
Transition The movement from one AOI to another.
Return It is a transition to an AOI itself, also known as revisit.
Transition probability The probability of the fixation moving from one AOI to another AOI in a sequence.

(a) (b)

Figure 5. The outline of the AOIs (a) and the color coding of each AOI (b).

4. Evaluation Results

This section describes the analysis results of the eye movement data and the interview feedback
collected from the experiment. More specifically, we introduce the results in the following five aspects:
(1) The participants’ fixations in free exploration; (2) success rate; (3) response time; (4) the participants’
fixation, dwell, and transition of the AOIs during their task-solving stages; (5) the feedback from the
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participants. The eye-tracking data is published online (https://github.com/Map-based-Dashboard/
eye-tracking-experiment).

4.1. Fixation in Free Exploration

The fixation distribution of the participants reflects the visual attraction of different sections of
the visual interface. We show the fixation distribution in the first 90 s at the free exploration stage on
heatmaps (shown in Figure 6). Considering our sample size, we chose 10 s as the interval to include
enough fixations in forming clusters in each interval. The heatmaps exhibit different patterns of the
fixation distribution in 0–20 s (Figure 6a,b) and 20–90 s (Figure 6c–i). In the first 10 s (Figure 6a), we can
see that the fixations were mostly on the title, AOI Task, AOI Enterprise, and AOI GDP. Between 10 to
20 s (Figure 6b), the fixations were more on AOI Enterprise, AOI GDP, AOI History, and less on AOI
Task. From 20 to 90 s (Figure 6c–h), the attention of the participants was located more evenly on each
dashboard panel. In general, panels located in the center attracted more attention than other panels at
the free exploration stage, for example, AOI Enterprise and AOI GDP were focused on at the beginning
of the exploration, while AOI Ranking only received a small amount of attention. The visualizations
with a high information density also attracted more attention from the participants, because there were
more fixations on the maps than on the bar charts. The dynamic visualizations attracted a significant
amount of attention. For example, the AOI History drew a large amount of attention, as the chart
in the panel changed when there was a mouse hover or click. In contrast, AOI Ranking did not
involve much interaction and it received less attention. Additionally, a large amount of attention went
to AOI Task in the beginning because the participants needed to click and read the task items. We
inferred that bright colors also play an important role in attracting users’ attention. Last but not least,
anomalous patterns, such as incomplete data and outliers, also attracted the participants’ attention.
In the 0–30 s, more fixations were at the AOI Logistic than AOI Population, where a large gray area
indicated unavailable data.

(a) 0–10 s (b) 10–20 s (c) 20–30 s

(d) 30–40 s (e) 40–50 s (f) 50–60 s

(g) 60–70 s (h) 70–80 s (i) 80–90 s

Figure 6. The heatmaps of all the participants’ fixations during at free exploration stage. The blue dots
represents fixations.

https://github.com/Map-based-Dashboard/eye-tracking-experiment
https://github.com/Map-based-Dashboard/eye-tracking-experiment
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4.2. Success Rate

The success rate reflects the effectiveness of the dashboard design. In this section, we first
compared the success rates according to the perception difficulties of the tasks and the familiarities of
the proposed dashboard of the participants. Specifically, we compared the success rates among the
proposed benchmark tasks (Section 3.3). The levels of difficulty in perception raised from the tasks T1
to T6. The familiarity levels of the dashboard increased from the statements S1 to S6 on the experiment
tool (Section 3.4). Recall that the experiment tool shows each participant the tasks in random order.
We assume that the participants were becoming familiar with the dashboard while they were carrying
out the tasks.

Figure 7 shows the success rates according to the order of increasing difficulty (from T1 to T6)
(Figure 7a) and the order of increasing familiarity (from S1 to S6) (Figure 7b). From Figure 7a, we can
see that in general the success rates are very high for all the tasks. Among the identification tasks from
T1 to T3, we can see that T1 and T3 have higher success rates than T2. Compared to T2, T1 requires
a lower cognitive effort than T2 and more dashboard interactions, while T3 requires less dashboard
interaction and more complex cognitive operation. For the reasoning tasks from T4 to T6, the success
rates decrease significantly. Figure 7b shows in general the success rates did not increase with the
participants’ familiarity with the dashboard.

(a) (b)

Figure 7. The bar charts of the success rates. (a) The success rates of the tasks in increasing difficulties
of perception. (b) The success rates across their position in the task sequence.

Figure 8 further shows the success rates of each task across the position of the task sequence.
The success rates of T3–T6 did not increase along with the increasing of the familiarity of the dashboard.
However, the success rates of T1 and T2 had an upward trend. It might indicate that the participants
were performing better in location searching when they became more familiar with the dashboard.

Finally, we compared the success rates among different groups of participants including aspects
such as gender, educational background, and usage experience. Table 4 shows the success rates of
each task of different groups. Most of the tasks were correctly conducted in every group. The average
success rate of all the participants is 84.9%. The success rates did not show great differences among
these groups.

4.3. Response Time

To analyze the efficiency of the dashboard, we examined the response time in completing the tasks.
Similar to the success rate analysis, we compared the median response time first among the increasing
cognitive complexities, second among the increasing familiarities of the dashboard, and third among
the different participant groups. Additionally, we compared the response time between the successful
and failed tasks.
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(a) T1 (b) T2 (c) T3

(d) T4 (e) T5 (f) T6

Figure 8. The bar charts of the success rates of each task across the position in the task sequence.

Table 4. The task success rate (%) of each task in different groups.

Category Group Number of T1 T2 T3 T4 T5 T6 OverallParticipants

Overall Overall 32 96.9 75.0 87.5 100.0 87.5 62.5 84.9

Gender
Female 17 94.1 64.7 94.1 100.0 94.1 58.8 84.3
Male 15 100.0 86.7 80.0 100.0 80.0 66.7 85.6

Education

Master 14 92.9 64.3 85.7 100.0 85.7 78.6 84.5
Bachelor 17 100.0 82.4 94.1 100.0 88.2 52.9 86.3
High School 1 100.0 100.0 0.0 100.0 100.0 0.0 66.7

Previous Used > 5 times 12 100.0 83.3 91.7 100.0 83.3 75.0 88.9
Dashboard Used ≤ 5 times 5 100.0 60.0 80.0 100.0 60.0 40.0 73.3
Usage Heard only 8 100.0 87.5 87.5 100.0 100.0 50.0 87.5
Experience Never heard 7 85.7 57.1 85.7 100.0 100.0 71.4 83.3

Figure 9 uses boxplots to show the response time of each task. The median response time of all
the tasks was 51.5 s. In Figure 9a, we can see that all the identification tasks (T1–T3) took relatively
less time, while the respond time of reasoning tasks (T4–T6) varied a lot. The response time of T5
and T6 was much longer and more dispersed than T4. Figure 9b shows a general downward trend
of the response time along the increasement of the familiarity. This could indicate that the more the
participants interact with the dashboard, the shorter the time they need to solve a task. The median
response time did not continue to decrease after the completion of four tasks. It might indicate that
the participants were familiar enough with the dashboard after carrying out the first four tasks, and
the median duration was 3.9 min. The median response time of the last two completed tasks was at a
relatively low level, but the increasing variation might suggest that some of the participants were tired
towards the end of the experiment.

Figure 10 shows in detail the response time of each task in the carried out sequence. We cannot
see an obvious downward trend from each task, which could be caused by the small sample size.
However, we can see that T5 and T6 had a relative longer response time when they were carried out in
the first position.
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(a) (b)

Figure 9. The boxplots of the response time. (a) The response time of the tasks in increasing difficulties
of perception. (b) The response time across their position in the task sequence.

(a) T1 (b) T2 (c) T3

(d) T4 (e) T5 (f) T6

Figure 10. The boxplots of the response time of each task across the position in the task sequence.

Table 5 gives an overview of the median response time of each task in different groups.
We found that the response time does not exhibit many differences among groups with different
demographic attributes.

Table 5. The median response time (s) of tasks in different groups.

Category Group Number of T1 T2 T3 T4 T5 T6 OverallParticipants

Overall Overall 32 37.7 51.2 49.8 38.3 70.0 78.8 357.6

Gender
Female 17 40.1 52.6 56.9 32.3 53.8 87.3 348.4
Male 15 36.7 49.4 47.9 43.1 81.9 74.8 377.4

Education

Master 14 37.7 49.1 48.8 48.7 89.2 88.7 386.0
Bechalor 17 36.7 52.6 50.3 25.1 53.8 75.6 339.7
High School 1 64.3 41.7 217.8 32.9 91.4 48.7 496.8

Previous Used > 5 times 12 32.2 52.8 59.5 38.0 86.2 74.2 388.3
Dashboard Used ≤ 5 times 5 40.1 45.2 43.9 56.0 96.5 97.9 445.9
Usage Heard only 8 31.6 50.7 44.0 33.3 67.3 94.3 315.1
Experience Never heard 7 53.0 51.4 63.2 46.7 57.8 75.6 348.4
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The differences in response time between the successful and failed tasks is shown in Figure 11.
The figure shows that except for T6, the median response time of the failed tasks is longer than the
successful ones. This could indicate that the failed tasks were caused by the wrong search strategy of
the participants.

Figure 11. The response time of the tasks. Failed tasks (red), and the successful tasks (green) in the
increasing difficulty levels of perception.

4.4. Dwell and Transition during Tasks

To find more differences in the task-solving strategies between the successful and failed tasks, we
compared the fixation sequences, as well as the dwell and transitions in performing the tasks. For each
task, we illustrated the fixation sequence of the participants in sequence charts, using the same color
scheme of the AOIs in Figure 5. The time range of the sequence charts was set as 0–250 seconds as it
fits well to all the tasks, so that we can better compare the fixation among the tasks. From the sequence
charts, we could easily interpret the fixation time and the viewing orders of AOIs of each individual
participant. We also visualized the average dwell time and transition probabilities among AOIs for
each task. In all the sequence charts and the dwell and transition charts, the successful and failed
groups are visualized separately. For each task, we described the most effective solution and compared
the participants’ solutions with it. In this section, we examine in detail the strategies of the participants
in solving the tasks with the aim of identifying clues on how to improve further the effectiveness and
efficiency of the dashboard.

For T1 “In 2015, the Tertiary Industry value of Qidong is 85 billion CNY. (Wrong)”, the participants
needed to find a GDP-related value of a county. To solve it, the most effective solution was to (1) locate
County Qidong with the search function, (2) switch the layer to Layer Tertiary Industry in AOI GDP,
and (3) move the mouse onto AOI GDP or AOI History to read the value in the pop-up window.
As shown in Figure 12, the participants spent most of the time in checking AOI GDP and AOI History.
The failed user was spending a lot of time on AOI Ranking, which did not provide the needed
information. We found that the viewing in the combination of AOI GDP and AOI Task often happened
shortly before some participants (P2, 4, 14, 17, 19, 31, 36) finished the task. This indicates that when the
participants knew where to find the ranking information, they can quickly finish the task.



ISPRS Int. J. Geo-Inf. 2020, 9, 636 17 of 28

(a)

(b) (c)

(d)

Figure 12. The visualization of search strategies of T1: (a) The fixation sequence chart. (b) The dwell
and transition chart of the successful group. (c) The dwell and transition chart of the failed group.
(d) The legend of the AOIs.

For T2 “The number of enterprises in Jintan increases from 2013 to 2015. (Unknown)”, it required
the participants to find the temporal trend of an enterprise-related factor of a county. To solve T2,
the best solution was to (1) locate Jintan with the search function, (2) make sure the active layer is
Enterprise in the Enterprise category, and (3) read the temporal trend of number of enterprises in the
bar chart on AOI History. From Figure 13, we can see that the participants spent the most time on
viewing AOI Enterprise and AOI Ranking. This is because they were using the search bar to locate the
place in the task. Some participants (P1, 3, 22) spent relatively longer time on AOI Enterprise and AOI
History, and most of the transitions are from AOI GDP. It suggests that they were having difficulties
in solving step (1) and (3) of this task.
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(a)

(b) (c)

(d)

Figure 13. The visualization of search strategies of T2: (a) The fixation sequence chart. (b) The dwell
and transition chart of the successful group. (c) The dwell and transition chart of the failed group.
(d) The legend of the AOIs.

T3 “In 2015, among all the counties in Jiangsu, Kunshan has the largest number of enterprises.
(Correct)” required the participants to find the county with the highest value of an enterprise-related
factor. The most effective solution was (1) make sure the active layer was the Layer Enterprise in
AOI Enterprise, and (2) read the name of the top county on AOI Ranking. Figure 14 shows that the
participants were mainly paying attention to view the AOI Enterprise. They used the search bar in
the AOI Enterprise to locate the place, and checked the AOI Ranking and the AOI History. The AOI
Ranking took on average only 3 seconds in the successful group. This may indicate that the view was
efficient. However, two of the four failed participants (P22, 25) completely missed the AOI Ranking.
This suggests that the two participants were not familiar with the dashboard interface.
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(a)

(b) (c)

(d)

Figure 14. The visualization of search strategies of T3: (a) The fixation sequence chart. (b) The dwell
and transition chart of the successful group. (c) The dwell and transition chart of the failed group.
(d) The legend of the AOIs.

T4 “The south part of Jiangsu is economically stronger than the north part. (Correct)” required
the participants to find a GDP-related factor’s spatial distribution. Its effective solution was to check
the spatial distribution of the layers in AOI GDP. From Figure 15, we can see that all the participants
finished the task quickly and successfully. Most of the time, the participants were viewing AOI GDP.
From the transitions chart, we infer that the participants knew where to find the spatial distribution
information. Two participants (P3 and P30) finished T4 within 10 seconds with the search strategy of
first reading the statement, then viewing the related information in AOI GDP, and then confirming
their answers by rereading the statement again.
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(a)

(b) (c)

(d)

Figure 15. The visualization of search strategies of T4: (a) The fixation sequence chart. (b) The dwell
and transition chart of the successful group. (c) The dwell and transition chart of the failed group.
(d) The legend of the AOIs.

T5 “In Jiangsu, the more employees in a county, the higher the citizens’ disposable income is.
(Wrong)” required the participants to compare the spatial correlation between two population-related
factors. The effective solution was to compare the spatial distributions between the Layer Employee
and the Layer Citizen disposable income in the AOI Population. As seen from Figure 16, both successful
and failing groups focused on the AOI Population to check the spatial correlation. A few participants
(P29, 32, and 33) checked AOI Ranking for some time. Some participants (P16, 31, and 32) viewed
AOI History for some time. We infer that the participants knew where to find the answers on the
dashboard, but the high perception difficulty caused a longer viewing time.
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(a)

(b) (c)

(d)

Figure 16. The visualization of search strategies of T5: (a) The fixation sequence chart. (b) The dwell
and transition chart of the successful group. (c) The dwell and transition chart of the failed group.
(d) The legend of the AOIs.

T6 “In Jiangsu, the longer the total length of the road of a county, the higher the industrialized
level is. (Wrong)” required the participants to find the correlation between a logistics-related factor and
a GDP-related factor, and the data of the logistics-related factor were incomplete. The most effective
solution for T6 was to compare the spatial distribution between the Layer Road length in the AOI
Logistic and the Layer Secondary industry in the AOI GDP. From Figure 17, we can see that the
participants were comparing AOI Logistic and AOI GDP. Some participants were trying to find the
correlation by comparing the factors in AOI Ranking, which was a wrong strategy. The unavailable
data required the participants to summarize the correlation with less data than T5, which was more
challenging and thus caused more failed cases.
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(a)

(b) (c)

(d)

Figure 17. The visualization of search strategies of T6: (a) The fixation sequence chart. (b) The dwell
and transition chart of the successful group. (c) The dwell and transition chart of the failed group.
(d) The legend of the AOIs.

In summary, the reading sequence during the task solving is mainly driven by two reasons.
One reason is the task requirement. The participants viewed the dashboard focused on searching for
the most relevant information required by the tasks. Therefore, labeling of the panels is very important
in navigating the users’ attention to the needed information. Another reason is the layout of the panels.
The participants tended to read the adjacent panel after reading the current panel. Thus the layout of
the panels plays an important role in dashboard reading.
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4.5. Feedback

In this section, we evaluated the usability of the dashboard by analyzing the feedback from the
interview. First, we discussed the rating of the participants on the usability of the dashboard. Second,
we classified the keywords in the interview protocol in groups of dashboard design elements.

The participants rated on average 8.25 (1–10 from less to more confident) on the confidence of their
answers, and 7.89 (1–10 from very hard to very easy to use) on the general usability of the dashboard.
The overall results were very positive. Moreover, some of the participants reported they were less
confident with the answers of T5 and T6. There were two reasons for this: one was that the unavailable
data made them unsure of their answers, and the other one was because of the lack of economic
knowledge background.

We asked the participants to list the design items that helped them during the task-solving
procedure without predefined options. The feedback is grouped into four categories: panel, layout,
interaction, and others. Table 6 summarizes the positive feedback with the associated frequency in
each group. In the panel group, the most helpful panel was the spatial panel (nine mentions). In the
layout group, the color scheme was very helpful in supporting the participants in organizing the
information. In the interaction group, the search function was identified as the most helpful item.

Table 6. Grouped positive items mentioned by the participants in the interview.

Group Item Frequency

Views

The spatial panel is helpful 9

The temporal panel is helpful 6

The ranking panel is helpful 2

Layout

The color scheme helped in organizing information 13

The grouped layers helped in factor finding 4

The juxtaposition benefits for comparison 3

The structured design gives a good overview 2

Interaction

The search function is useful in finding places 15

The interactions of the temporal panel helped them find data quickly 6

Mouse hovering and clicking are helpful 5

Layer switching is efficient 2

Other Natural to use 1

Similarly, we have grouped the negative design items named by the participants in the interview.
Table 7 shows the items in detail. Compared to the positive items, the negative ones are more related
to specific issues. The most frequently mentioned items are the top margin of the bars in the temporal
panel is sometimes too narrow, the shifting of the maps is disturbing, and the font size is too small.
It is important to note that three participants thought the temporal panel is too informative, and one
participant pointed out the temporal panel did not follow the four category structure as other panels
did. Two participants also commented that they did not know where to look for the information that
they needed.

In summary, map-based dashboards are very useful media to show the spatiotemporal
information. Maps are the main element to bridge the knowledge from different perspectives and their
location information. A uniformed style (color scheme, interaction, layout) of all the panels can help
the users in dashboard reading.
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Table 7. Grouped negative items mentioned by the participants in the interview.

Group Item Frequency

Penal

The top margin of the the bars in the temporal panel is sometimes too narrow 5

The maps shift when the mouse moves close to their boundaries 5

The temporal panel is too informative 3

The legend intervals are confusing 3

The axises in the temporal panel change their ranges 1

The axises in the temporal panel are not necessary 1

The temporal panel should be split into four charts as other panels 1

Mark the important places in the spatial panel 1

Layout

Hard to compare two layers in one map 3

The color scheme is not good for color-blind people 3

Only one map in the spatial panel is preferred 2

The color hue should be increased in the temporal panel and ranking panel 2

The color of the unavailable data should be lighter 1

Interaction

The search bar should be in each map / outside the spatial panel 5

The ranking panel should be clickable 4

The selected place should be highlighted on all the maps 2

The map legends should be clickable 2

Other

The font size is too small 5

The unavailable data increases the difficulty 3

No idea where to look at on the dashboard 2

The dashboard is too informative 2

The listing of top five municipalities is not interested to the participant 1

A learning time is required 1

Lack of the economic background information 1

5. Discussion

In this section, we discuss the strengths and weaknesses of the proposed map-based dashboard
for spatiotemporal knowledge acquisition and analysis, and the limitations of the experiment.

The map-based dashboard is designed to enable users to acquire and analyze spatiotemporal
knowledge. The panels are designed to reveal different perspectives of georeferenced knowledge about
what happens where and how it happens. The linked panels provide users with the real-time response
of the subsets of the data. Each panel is placed on a fixed position and outlined with an enclosure,
giving users a necessary anchor to quickly navigate in the data space. The juxtaposition reduces the
difficulties in comparing multiple factors and facilitates the correlation analysis. The arrangement
of the panels is very important. We placed the spatial panel in the middle area and in a large size
to guide the users’ attention to it. Last but not least, we applied a uniformed design style (color,
layout, interaction) to each panel with the aim to foster the habit formation for an efficient perception
and interaction.

However, the current design can be improved in some aspects. The annotations in dashboards
have not received sufficient attention in previous studies. We realized that the font plays a very
important role in dashboard understanding. The font size should be big enough to read at a glance.
To better guide users to visually explore the data, the labeling of the panels should clearly express
what types of information it conveys. Therefore, the panels in our dashboard should be labeled as
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the spatial panel, temporal panel, and ranking panel. Furthermore, the arrangement of panels should
follow a logical order. The panels with similar content should be placed adjacently. When visualizing
multi-granularity or multi-temporal data in several panels, the sequence of the panels should follow
a common reading pattern, such as from large to small, or from old to new. Moreover, the function
of each panel should remain simple. In this dashboard, we should integrate the search and layer
switch functions to the toolbar. In addition, the design style of each panel should be kept uniform.
The temporal panel should be split into four charts, as in the spatial and ranking panel. The clicking
and hovering function should also be designed in the ranking panel. Moreover, we should prepare a
second color scheme for the color-blind users.

The evaluation experiment of the dashboard has led to some new insights. Compared to similar
experiments with only interviews in [18] or only an eye-tracking experiment in [35], our eye movement
data and the interview provide complementary results reflecting the user experience and the usability
of the map-based dashboard. With regard to the sample size of participants, 40 participants divided into
smaller groups may seem to be small, but it is still an acceptable sample size. In similar eye-tracking
experiments, the number of participants was usually not large, e.g., 21 and 17 participants in [25,35].
Our dashboard has been experimentally proved both effective and efficient for different groups.
In future studies, more people with economics-related background or domain experts will be invited.
Another insight is related to how feedback was collected. We adopted semi-structured interviews,
and the participants were asked to list the positive and negative design items. Although the interviews
were carried out immediately after the experiment, the participant tended to ignore some items or
focus on the last issues they encountered prior to ending their participation. One alternative to this
problem is to use a predefined questionnaire to measure each design item as suggested by Pezanowski
et al. [17]. Think-aloud would be another method as a complement during the experiment [7]. It can
allow participants to talk more about how they made their decisions in answering the benchmark tasks.

6. Conclusions

Map-based dashboards have opened up convenient opportunities for stakeholders to perceive
and analyze complex spatiotemporal knowledge from multi-dimensional data with an at-a-glance
overview and details on demand. By integrating the high-interactive and high intuitive features
of visual analytics into the dashboard, we expanded the dashboard with more analytical functions.
Moreover, we have contributed the design lessons of map-based dashboards.

In this study, we designed and developed a map-based dashboard displaying geo-economic
environmental data targeting decision-makers in SMEs and citizens. To evaluate the effectiveness
and efficiency of our map-based dashboard, we specially designed an experiment consisting of an
eye-tracking study, benchmark tasks, and an interview. We analyzed the collected eye movement data
in terms of fixation, success rate, response time, and dwell and transition metrics. Furthermore,
we analyzed the feedback and summarized the positive and negative items on views, layout,
interaction, and others. The analysis results from the eye-tracking study and the interviews have
verified the map-based dashboard for spatiotemporal knowledge acquisition along with a number of
findings related to the limitations of the current design of map-based dashboards and user studies.

Our future work involves three main tasks. First, the interface design will be improved with
the focus on the study of how different layouts of the multiple views and their labeling influence
the efficiency of the corresponding dashboards. Second, further user experience and usability
experiments will be conducted. We will quantitatively study how the visualization, panel arrangement,
color scheme, and user background influence users’ attention and the spatiotemporal knowledge
acquisition and analysis. Lastly, we will extend our dashboard design by adding more visual analytical
methods. For instance, we will add correlation calculation and anomaly detection function and
dashboard panels. We also plan to conduct more experiments on different datasets, e.g., social media
data and volunteered geographic information.
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The following abbreviations are used in this manuscript:

AOI area of interest
CEO chief executive officer
SME small and medium-sized enterprise
GDP gross domestic product
CNY Chinese Yuan

Appendix A

Table A1. The selected socioeconomic factors and the statistics of the data.

Category Factor Explanation

Enterprise
Enterprise The total number of the enterprises in a county

Enterprise above designated size The number of enterprises with annual main business revenue
of 20 million CNY or more

GDP

GDP per county The total gross domestic product in one county

GDP per capita The average GDP per person

Primary industry The GDP value of the county from natural raw materials,
such as mining, agriculture, or forestry

Secondary industry The GDP value of industry which converts the raw materials
provided by primary, such as manufacturing industry

Tertiary industry The GDP value concerned with the provision of services

Population

Population per county The total population of one county

Population per km2 The population density of one county

Employee The total number of employees in one county

Citizen disposable income The average citizen disposable income of one county

Citizen consumption The average citizen consumption of one county

Engel coefficient The proportion of income spent on food falls

Logistic

Road length The total road length in one county

Road passenger The total transported passenger number in one county in one year

Road cargo The total weight of the transported cargo in one county in one year

Car parc The number of cars and other vehicles in a region or market

http://nnu.geodata.cn:8008/
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