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Abstract—Trust is one of the most relevant factors when users
build knowledge from visualization to predict whether they will
use the represented information. In particular, trust perception is
the user’s subjective evaluation of the quality and reliability of the
visualized information. However, research leveraging information
visualization techniques to study trust perception is limited. This
work studies whether varying the temporal framing of line
charts affects trust perception in an uncertain scenario. Our
results suggest that granularity may be relevant for time-based
visualization design. In particular, individuals trust more in a line
chart with a higher number of data points and interact more with
a line chart in which they trust less. These findings contribute
to the state-of-the-art research in visual analytic systems by
empowering designers to understand how trust perception in
a health emergency scenario varies for line charts with different
temporal frames.

Index Terms—information visualization, trust, user interaction,
time-series

I. INTRODUCTION

The core purpose of an Information Visualization (InfoVis)
is to help users discover, explain, and form decisions based
on the information that is conveyed [1]. Visualizations may
follow several strategies to aid decision-making, e.g., offering
sufficient guidance [2] or emphasizing critical information [3].
However, InfoVis research shows that visualization-supported
decision-making vulnerable to cognitive biases and uncer-
tainty [4], [5] Additionally, other human factors affect how the
user derives a choice of direction as an outcome. For instance,
when users interact with a visualization, the level of trust that
users have in a new knowledge affects their decision-making
process [6].

In InfoVis, trust defines the tendency of a user to rely on
visualization and build on the information displayed [7]. In
particular, trust becomes particularly important when there
is some risk associated with the information; it allows the
user to minimize the uncertainty belonging to digital data,
especially when they are vulnerable to suffering a loss if
they believe in the information displayed [7]. However, trust
remains a challenge in InfoVis design [8] since there is
still limited evidence regarding what might lead a user to
trust in visualization without an extensive elaboration of the
information [7].

In our study, we focus on trust perception in an uncertainty
scenario. Further, we can assume that when users are prompt
to decide with risk, they will elaborate on the trustworthiness

of the visualization more in-depth yet rely on superficial trust
cues in less relevant or less risky tasks [7]. Inspired by these
findings, we place subjects in a decision-making situation
with an involved risk. At the same time, this situation is
familiar and relatable enough to emphasize the risky nature
of the decision. In particular, we use a health emergency
scenario when there is an overcrowding crisis, i.e., there
is no space left to meet the timely needs of the following
patient requiring emergency care [9]. We opted for this topic
because we believe that most people are familiar with having
to wait for medical support in the emergency department.
Then, we ask users to make decisions and perform tasks
based on time-oriented information visualizations with varying
domain framing factors. The study aimed to address questions
such as: Does the temporal frame of the time series affect
trust perception? Does the degree of confidence in a choice
vary across several decisions? Do users interact more with a
visualization they trust the most?

II. RELATED WORK

The topic of trust has been relatively underexplored in visual
analytics. Similar to human relations where there are both a
trustor and a trustee, trust in the InfoVis context encompasses
trustworthiness and trust perception [7]. The trustworthiness of
the visualization depends on the characteristics of the visual-
ization like data accuracy, objectivity, and completeness [10].
For instance, Xiong et al. [10] explored whether there is a
relationship between trust and data visualization transparency
– the perceived quality and quantity of intentionally shared
information [11]. Xiong et al. [10] asked participants to put
themselves in the role of a firefighter to promote a frame of
reference. Then, each participant chose which visualization to
use and from which fire station they should dispatch the fire-
fighters. Participants were shown two different visualizations
and then told these visualizations were screenshots of several
driving applications that displayed the routes from several fire
stations to a fire location. These visualizations varied in the
displayed volume of information by changing the number of
possible routes, the number of fire stations recommended, and
the number of fastest paths. Results showed that participants
were more likely to choose visualizations that appeared to
be clear, more thorough, and disclosed a higher amount of
information.



Other studies have shown that design factors such as usabil-
ity and user experience or the amount of processed underlying
data can affect trustworthiness [12], [13]. For instance, a
recent study by Bartram et al. [14] shows that trust plays a
significant role in data workers. In particular, these workers
would be willing to perform monotonous and repetitive tasks
to maintain immediate access, control, and understanding over
their actions and sense-making process.

Regarding trust perception, it tackles the evaluation of the
quality and reliability of the visualized information [7]. While
Kong et al. [13] suggest that the misalignment of graphical
elements affects the understanding and, consequently, the
credibility of the information depicted, other researchers imply
that prior experiences play a relevant role [15], [16]. For
instance, Dasgupta et al. [17] studied the level of trust of
domain scientists in visual analytics systems as opposed to
more common manual analysis methods. The authors were
able to find that, despite being unfamiliar with a visual analytic
system, the experts had an average level of trust comparable
with the same in conventional analysis methods. The core
factors for the analytical system are that it should be intuitive,
transparent, and allow a seamless switch between hypothesis
generation and evidence gathering. Finally, user intentions and
perceived risk may also influence trust perception [18], [19].
These studies collectively show that studying trust in visual-
ization offers an opportunity for the state-of-the-art. Our work
builds on the mentioned studies for trust assessment, focusing
on whether temporal dimensions affect trust perception.

III. METHODOLOGY

Our research question focuses on analyzing whether tem-
poral framing has an effect on trust perception in the
context of time-oriented linear charts of healthcare infor-
mation. We leverage the self-assessment of trust and their
interaction data with the information visualizations.

A. Temporal Framing

There is a wide range of data features to consider when
studying trust perception. Time dimensionality [20] may hold
promising results given its relevance in recent research [21],
[22]. Time-oriented data includes dimensions such as linear
vs. cyclic time, time points vs. time intervals, and order time
vs. branching time. Consequently, different time features lead
to alternative visualization techniques. Among the different
time-based aspects of interest, we believe that temporal fram-
ing, i.e., the temporal scope that is presented in the domain
of visualization, such as daily, weekly, or monthly, may hold
promising results. This feature can offer several factors to
manipulate, e.g., time range or value aggregation. Therefore,
temporal framing may significantly affect the level of detail of
the information and, consequently, the granularity of the data
or the number of data points.

For instance, Oscar et al. [23] studied the consequences of
mismatching the granularity of information presented on visu-
alization to user needs. Participants were shown different visu-
alizations and asked to complete tasks that required informa-

tion that might not be available in the visualization granularity.
In particular, in some cases, users were not presented with
enough information to answer the questions. Results showed
that when users analyzed information mismatched to the need
for detail required by the task, they were less likely to complete
the assignment correctly. Moreover, participants were often
unable to identify that the visualization did not include the
information required to complete the task. Consequently, re-
sults demonstrated that using an appropriate visualization is
a crucial performance factor. Although the mentioned studies
recognize that different visual techniques affect the decisions
users make when analyzing distinct visualizations, as far as
we know, there is no information concerning how using time-
series visualization techniques impacts users’ perceived trust.

B. Visualizations

Research has shown that positional encodings such as line
charts are the best option to visualize time-oriented data on
decision-making processes [21], [24]. Moreover, line charts
are one of the most well-known visualization idioms, and
familiarity with a visualization system inspires trust, whereas
novel visualizations may act as a barrier [15]. Based on these
findings, we opted to use line charts to depict the variation
of a continuous variable along a time axis (Figure 1), as
this type of graph is the most common form of time-series
visualization [25]. Each line chart displays the number of
patients in an emergency room throughout a time in two dif-
ferent hospitals, encoded by two colors randomly associated at
the beginning of each experiment. While the x-axis illustrates
the time, the y-axis represents the number of patients, and
each line presents a hospital. Each line chart has one of the
following possible temporal framing values: (i) the number
of patients per hour in the past day (V-Day), (ii) the average
number of patients per hour in the past week (V-Week), and
(iii) the average number of patients per hour in the past month
(V-Month). Moreover, Kong et al. [13] point out that users
elaborate on information more or less deeply to decide whether
it is trustworthy based on different situative factors. To avoid
introducing some bias, we create each visualization from the
same database to keep data trustworthiness equal across all
conditions, i.e., the weekly data is a subset of the monthly
data since the former reports the last seven days of the latter.
Therefore, the visualizations contain all information the user
needs to evaluate the quality of the underlying data.

C. Tasks

Our study includes a sequence of decision tasks (Figure 2).
Firstly, we focus on the self-calibrated degree of confidence in
a taken decision [17] by asking participants to put themselves
in a position of having a health emergency and needing to
decide to which hospital they should go to (Figure 2, left).
Then, we asked each participant to assess the three visualiza-
tions simultaneously and to choose between the two hospitals
which one they would like to go to using a think-aloud
protocol. We prompted subjects to decide solely based on
the number of patients that visited the emergency department



(a) The number of patients per hour in the past day.

(b) The average number of patients per hour in the past week.

(c) The average number of patients per hour in the past month.

Fig. 1. Set of visualizations with different time granularity factors.

on the past day, week, or month. We asked the testers to
consider that fewer patients would most likely lead to a shorter
waiting time. We made up the names of the hospitals, and
we randomly assigned the color encoding of each hospital to
reduce any potential biases. As we mentioned, we kept the
same number of patients in each of the two hospitals between
the visualizations. Therefore, we prompt the subject to base
their decision on the temporal framing factor. Moreover, we
asked each participant to report which of the line charts is
their anchor frame, i.e., which frame weighted the most on
their decision to choose between the two data trends.

Secondly, participants were assigned a random order
through which they would interact with each visualization sep-
arately (Figure 2, middle). We asked participants to complete
three tasks to ensure that they acknowledged the different
framing for each visualization. The tasks consisted of (i)
finding the number of patients for a specific point in time,
(ii) finding what hospital had the greatest growth of patients
in a specific time interval, and (iii) choosing one hospital to
visit in case of an emergency. After performing the tasks, we
invited users to assess the trustworthiness of the visualization
with that they interacted.

For the last part, we presented again to each subject the three
visualizations simultaneously (Figure 2, right). We then asked
participants to choose which hospital they would go to and
which visualization weighted the most in their decision, similar

to the first part. This repetition of the first part may allow
us to understand the self-calibrated degree of confidence in a
taken decision [17], i.e., whether performing tasks with each
visualization may alter the choice that the participant made at
the beginning. By making participants explore the visualiza-
tions in more detail, we believe their perceived trustworthiness
towards the same visualizations may change. Therefore, the
last part of our experience allows us to understand whether
an extensive individual analysis of each visualization affects
the interaction and decision-making patterns when they must
again report the frame they rely on the most to choose between
hospitals. In particular, this three-step methodology supports
the analysis of whether there is any specific temporal framing
that participants trust the most and if that temporal framing
functions as an anchor to the overall decision-making.

D. Measures

Demographics We recorded the gender, age, self-reported
visual acuity of each participant, and whether they were color-
blind by a validated simplified version of the Ishihara test [26].
We also controlled other external factors such as the last time
the participant visited a hospital for an emergency (last week,
last month, last year, or never), and their familiarity with
line charts using a five-point Likert scale ranging from “Not
familiarized” to “Completely familiarized”.

Trust Assessment We assessed visualization trustworthiness
with a five-point Likert scale ranging from “I do not trust this
information” (1) to “I completely trust this information” (5)
for each visualization framing.

User interaction We measure the response time for each
tested task in seconds. In addition, we assess the number of
hover events per data point that the participant triggered
while interacting with each graph. A hover event is triggered
when the user hovers over a data point to inspect the number
of patients through a tooltip.

E. Procedure

We recruited participants through standard convenience
sampling procedures by direct contact and word of mouth.
Our final data set is composed of 89 participants (38 males,
51 females) between 18 and 69 years old (M = 27.40;SD =
12.04). Participants are general end-users with no particular
relation to the healthcare area and with normal or corrected-
to-normal vision. User tests were conducted through an online
videoconference platform, forcing the visualizations to resize
to ensure it was displayed in the same physical size, regardless
of device resolution. After participants provided informed
consent, we first asked them to read a document that introduces
the context for the visualizations and prompts participants to
be aware of the emergency associated with this crisis while
motivating trustworthiness. In addition, the document explains
the context of the data of the visualizations and the negative
consequences of overcrowding in emergency departments, e.g.,
the increase in mortality rates.

We continued in a three-part test, as depicted in Figure 2.
First, we asked participants to put themselves in a position



Fig. 2. Overview of the decision processes in our experiment.

of having a health emergency and having the need to decide
which hospital they should go to. Participants decided while
seeing the three visualizations simultaneously. Then, we asked
them to choose which hospital they would prefer to go to
and which visualization they trusted the most to make that
decision. The assistant collected the time participants took to
decide and registered their anchor frame. Next, participants
performed the three mentioned tasks separately in random
order in each visualization. Additionally, we invited subjects
to assess their perceived trust regarding each visualization
after interacting with it. The assistant collected the number of
hovers that subjects triggered while interacting with each line
chart and the time to complete each task. Afterward, we pre-
sented to each subject the three visualizations simultaneously.
Then, we asked them to choose which hospital they would go
to and their anchor frame. Finally, each subject filled in the
demographic questionnaire.

F. Research Design and Data Analysis

We ran one-way ANOVAs with the temporal frame (3
levels) as the independent factor to study its effect on the de-
pendent variables (trust perception, decision time, and hovers
per point). We also ran two-way mixed ANOVAs with anchor
frame (3 levels) and temporal frame (3 levels) as independent
factors to understand whether the anchor frame plays a role
in these relationships. As we mentioned, the anchor frame
is a between-subjects variable and has three possible values:
{A-Day, A-Week, A-Month}. The temporal frame is a within-
subjects variable with three possible values as well: {V-Day, V-
Week, V-Month}. All evaluation sessions were video-recorded
to collect interaction metrics. We measured user interaction
through two variables: number of hovers per point, represented
by the sum of hover events that the participant triggered in
a visualization divided by the number of data points; and
time to choose a hospital, which corresponds to the time
users take to pick a hospital while analyzing the visualizations
individually. We tested for sphericity (Mauchly’s test) and
used the Greenhouse-Geisser correction when the assumption
was not met. ANOVAs were followed by posthoc Tukey’s
range tests, which include Bonferroni corrections. Finally,
we examine whether participants changed their anchor frame
between the choice moments. We ran a chi-square test of
independence for r × c contingency tables.

IV. RESULTS

The following subsections discuss the results regarding
the self-assessment of trust perception and user interaction
metrics. Data are mean ± standard error unless otherwise
stated.

A. Trust Perception

We started studying whether trust perception was influenced
by the temporal framing when participants analyzed the dif-
ferent visualizations separately. Results did not show a statisti-
cally significant interaction between the framing and perceived
trust, F (1.636, 143.971) = 2.777, p = .076, partial η2 = .031.
All distributions look similar with a positive mean rating, yet
results suggest that subjects assessed their trust perception
with lower grades in V-Week (4.056± .091) compared to V-
Day (4.135 ± .096) and V-Month (4.213 ± .088) granularity
values (Figure 3). In particular, a pairwise comparison reports
a statistically significant increase of 0.157 (95% CI, 0.002 to
0.313) points from V-Week to V-Month, p = .046.

Fig. 3. Violin and boxplots of trust perception for each visualization.

Next, we ran a two-way mixed ANOVA to study whether
the anchor frame affects the degree of trust perception per tem-
poral framing (Figure 4). There was a statistically significant
interaction between the anchor frame and the temporal framing
on trust perception, F (3.372, 144.982) = 4.469, p = .003,
partial η2 = .094. In a pairwise comparison, we can observe
that, for subjects that chose A-Month, there were statistically
significant increases of 0.275 (95% CI, 0.027 to 0.522) points
from V-Day to V-Month, p = .024, and of 0.333 (95% CI,
0.140 to 0.527) points from V-Week to V-Month, p < .001.



These results suggest that people who rely more on A-Month
consistently assess their perceived trust in the remaining gran-
ularity options (V-Day: 4.020± .127; V-Week: 3.961± .120;
V-Month: 4.294± .117). Similarly, people who chose A-Day
also trusted more V-Day (4.417± .261) compared to V-Week
(4.250± .248) and V-Month (4.000± .241) granularity values.
In contrast, people who favored A-Week had similar values
across their trust perception for V-Day (4.231±.178), V-Week
(4.154± .169), and V-Month (4.154± .164).

Fig. 4. Estimated marginal means of trust perception based on anchor
granularity and the temporal framing of the assessed visualization.

We ran a chi-square test of independence between the
anchor frame in both the initial and the final decision moments
Table I). There was a statistically significant association be-
tween the chosen visualizations, χ2(4) = 60.348, p < .001.
The association was moderately strong [27], Cramer’s V
= 0.582. Overall, these results suggest that participants were
consistent in their choices, reflecting a robust self-calibrated
degree of confidence in a decision, except for people who
chose A-Week since they were more likely to change their
decision after a careful analysis of the data. Moreover, A-
Month was the most relied-on frame in both decision moments.
Our next step is to find whether the interaction data reflects
the lower trust perception of the V-Week line chart and how
the anchor frame affected how people rated each visualization.

TABLE I
CROSSTABULATION OF THE ANCHOR FRAME IN EACH DECISION MOMENT.
ADJUSTED RESIDUALS APPEAR IN PARENTHESES NEXT TO THE OBSERVED

FREQUENCIES.

Final Anchor Frame
A-Day A-Week A-Month Total

Initial Anchor Frame
A-Day 8 (5.5) 0 (−1.9) 4 (−2.4) 12
A-Week 3 (−0.5) 15 (5.4) 8 (−4.2) 26

A-Month 2 (−3.3) 4 (−3.6) 45 (5.5) 51
Total 13 19 57 89

B. User Interaction

We collected the time in seconds users took to decide
between the two hospitals and how many times they hovered
a point in the line charts. The temporal framing showed statis-
tically significant effects both in the time users took to decide,

F (2, 174) = 8.221, p < .001, partial η2 = .086, as well as in
how many hovers per point subjects did, F (1.457, 126.670) =
23.251, p < .001, partial η2 = .209. Regarding the time
to decide, participants took less time to choose a hospital
when analyzing V-Day (6.852± .558), compared to V-Month
(9.477 ± .935) and V-Week (11.068 ± 1.120) versions. More
precisely, a pairwise comparison reported statistically signif-
icant increases of 4.216 (95% CI, 1.384 to 7.048) seconds
from V-Day to V-Week, p = .001, and of 2.625 (95% CI,
0.354 to 4.891) seconds from V-Day to V-Month, p = .017.
These results suggest that participants find it easier to decide
when observing V-Day.

Results showed that participants performed more hover
events per points when they analysed V-Week (0.730± .095),
followed by V-Day (.307± .038) and then V-Month (0.297±
.042). In particular, a pairwise comparison reports statistically
significant increases of 0.424 (95% CI, 0.219 to 0.629) hov-
ers per point from V-Day to V-Week, p < 0.001, and of
0.434 (95% CI, 0.233 to 0.635) from V-Month to V-Week,
p < 0.001. Therefore, users interacted more with V-Week,
which was the one they rated with a lower trust perception.

Akin to the trust perception analysis, we decided to verify
whether the anchor frame affects the time to decide on a hos-
pital and the hovers per temporal framing. We found that the
anchor frame significantly affected the time that people took to
choose a hospital when they interacted with the visualizations
one at a time (Figure 5), F (3.706, 157.523) = 2.730, p =
.035, partial η2 = .060. In particular, a pairwise comparison
showed that subjects with A-Week had statistically significant
increases of 5.385 (95% CI, 1.256 to 9.514) seconds from V-
Day to V-Month, p = .006. Additionally, subjects that with A-
Month showed statistically significant increases of 5.300 (95%
CI, 1.540 to 9.060) seconds from V-Day to V-Week, p = .003,
and of 3.900 (95% CI, 0.676 to 7.124) seconds from V-Month
to V-Week, p = .012. These results show that people with
either A-Day (11.000± 3.007) or A-Month (12.680± 1.473)
take more time to choose a hospital when analyzing V-Week.
Nevertheless, only the people who chose A-Day actually take
less time to pick a hospital when they analyze their anchor
visualization (5.917 ± 1.519). This trend is not present for
people with other anchor frame values; those focused on A-
Week (6.269 ± 1.032) or A-Month (7.380 ± .744) are faster
in visualization with V-Day.

Finally, we found that the anchor frame did not significantly
affect the number of hovers per point performed by the
participants when interacting with the visualizations individ-
ually (Figure 6), F (2.864, 123.163) = 0.288, p = .825,
partial η2 = .007. Even though there was non-significant
interaction, a pairwise comparison showed that subjects with
an A-Week had a statistically significant increase of 0.437
(95% CI, 0.053 to 0.820) hovers per point from V-Day to V-
Week, p = .020. Moreover, subjects with A-Month showed
statistically significant increases of 0.433 (95% CI, 0.159 to
0.707) hovers per points from V-Day to V-Week, p = .001,
and of 0.494 (95% CI, 0.226 to 0.761) hovers per points from
V-Month to V-Week, p < .001.



Fig. 5. Estimated marginal means of time to choose a hospital based on the
anchor frame and the temporal framing of the assessed visualization.

Fig. 6. Estimated marginal means of hovers per points based on the anchor
frame and the temporal framing of the assessed visualization.

C. Validity of the Study

We decided to analyze whether any external artifacts af-
fected our study. Regarding user familiarity (Figure 7), we
found that most individuals familiarized themselves with line
charts (4.47 ± 0.95). Since we asked participants to choose
between two data trends in each time frame of the line charts,
we need to check whether the decision depends on the hour,
weekday, or day of the month when we conducted the test. In
particular, we started by analyzing whether the hour, weekday,
or day affected the anchor frame. We ran chi-square tests of
independence for each time dimension (hour, weekday, day of
the month). Results showed that neither the hour (χ2(22) =
15.718, p = .830), weekday (χ2(10) = 6.196, p = .799), or
day of the month (χ2(36) = 33.056, p = .609) had an impact
on the decision made by the participants.

Afterward, we ran one-way ANOVAs to analyze whether
the hour, weekday, or day when participants conducted the
study affected the time participants took to choose a hospital
and decide which visualization they trusted the most when
participants analyzed the visualization for the first time. Again,
results showed that neither the hour (F (5, 83) = 0.443, p =
.817), the weekday (F (11, 77) = 1.453, p = .167), or the day
of the month (F (18, 70) = 0.680, p = .819) had a statically
significant impact on the time taken by participants. Then, we

Fig. 7. Histogram with density plot of line chart familiarity.

conducted one-way ANOVAs to analyze the impact of the mo-
ment participants conducted the study on the trust perception
of each of the framing values. Results showed that neither the
hour, the weekday, nor the day of the month had any impact
on the trust perception level for each framing visualization.
Finally, we verified that the last time each participant visited
a hospital did not affect the dependent variables. In particular,
the distribution shows that most participants visited a hospital
last year (85.39%), and similar amounts to last month (5.62%),
week (3.37%), or never (4.49%). These results lead us to
believe that the time the subjects conducted our study did not
affect their decision-making and trust perception.

V. DISCUSSION

Our results shed new light on the understanding of the
effects of temporal framing on trust perception in the context
of InfoVis with healthcare data in an emergency.

A. Answering the Research Question

Although there was a non-significant relationship between
temporal framing and the trust perceived by the participants,
they were more likely to attribute a lower score of per-
ceived trust to V-Week. The high number of hover events
per point and higher decision times between hospitals while
interacting with V-Week corroborate these results. However,
past research in Perceptual Psychology related to subitizing –
“the immediate apprehension of the exact number of items in
small sets” [28], [29] – suggests that individuals should find
it easier to interpret visualizations with a lower number of
points. In our case, we expected that individuals would have
decreased decision times in V-Week since it had fewer data
points and, consequently, individuals could subitize them more
easily. In this light, we assume that the individuals actively
spent time assessing their trust for each graph, providing some
robustness to our results. Moreover, we noticed that while
analyzing V-Week, people paid more attention to the peaks
than the evolution of the data. It hints toward the data analysis
focusing on maximum or minimum values rather than an
overall appreciation of the time series.

Contrarily to this trend, results showed that, in general,
participants made a decision faster when using V-Day and



that they trusted more in V-Month. Regarding V-Day, the short
decision time may be an influence of not aggregated (daily)
vs. aggregated (V-Month and V-Week) values and/or that the
concept of patients per hour maps directly to V-Day and,
therefore, they make decisions faster. Additionally, participants
may have interacted more with V-Week to know more or
understand the values behind the aggregation. Contrary to what
we expected, our results showed that the number of points
presented in a visualization had a more predominant impact on
perceived trust and user interactions than the temporal framing
of the visualization. This finding is in line with Xiong et
al. [10], since participants relied more on a visualization that
showed a higher amount of information.

We also analyzed the self-calibrated degree of confidence
in a decision by firstly asking the participants to state which
temporal frame they would find more reliable in deciding
between hospitals. V-Month was the most chosen level when
we asked subjects which frame was more relevant to deciding
between the two hospitals. Additionally, participants who
initially trusted the most in that frame significantly perceived
it with higher trust than the remaining framing options. In
contrast, participants who initially weighed A-Week the most
were more likely to change their decision about which frame
weighted the most on their decision after a careful analysis of
the data.

B. Additional Findings

We were able to recognize some patterns related to the
analysis of time-series visualizations. In general, participants
seem to trust more in visualizations that disclosure infor-
mation through more data points. In particular, V-Month
displayed 30 points, and it was the one participants trusted
the most. This finding was exacerbated through the think-
aloud protocol since participants mentioned that they felt more
confident predicting future events when analyzing data from
a higher period of time. Although V-Month has a higher time
range, it is actually the same amount of information, namely
the number of patients per hour with any additional aggre-
gation information. Nevertheless, participants may wrongly
perceive it as more data points. The fact that participants
appeared to trust a visualization with more data points is in
line with Xiong et al. [10].

Additionally, we were able to understand that participants
appeared to attribute more relevance to the maximum
values when compared to the overall variation of the data
when less information is displayed such as in V-Week (7
points). We noticed for interaction data that people interact
more with a visualization that they trust less. Researchers
may leverage this relationship to adapt the framing of visual-
ization when the system detects a large amount of interaction
data since it may indicate that users are not trusting in what
they are seeing.

Finally, we repeated the first component of the proce-
dure to reevaluate the change in trust perception from the
participant’s perspective. As we can observe, there are no
significant changes between the decisive moments. Most of the

individuals kept the anchor frame after interacting with each
one individually. Therefore, we conclude that asking people
to rate visualizations explicitly individually does not seem
to significantly influence their ratings afterward when all the
visualizations are together.

C. Limitations and Future Work

Some relevant factors may explain the lack of significance
observed in the effect of temporal framing on perceived
trust. The assessment of perceived trust through a Likert
scale may have confused participants, as they have assessed
their perceived trust quite similarly in each frame. Another
possible explanation may be that factual tasks may not have
been enough to trigger significant trust variations. Moreover,
results showed longer completion times and increased hover
events performed when participants analyzed V-Week. Taking
a closer look at the V-Week line chart (Figure 1b), the low
amount of data points may have led participants to have an
exacerbated perception of the peaks. Notice that V-Month
(Figure 1c) also has the same peaks in the last seven days,
yet the amount of data points reduces the area they cover,
hence their reduced impact. Therefore, this design may have
led to additional user interaction when participants explored
this visualization, so future experiences should use randomly
generated datasets. Additionally, future work should do follow-
up experiments to understand whether temporal framing, the
amount of data shown, or an interaction of the two drive the
effect. We can consider different data encodings and a mecha-
nism to differentiate between accidental and intentional hover
events. Another limitation is that the V-Day data points are
not a subset of the V-Week or V-Month charts. Consequently,
the mental model varies since they have to consider new data
points compared to the other line charts. These implications
are crucial for the experiment and may induce bias in the
results.

Future work may leverage temporal aggregation in the visu-
alization design. A general example of temporal aggregations
is the use of moving average in the finance domain, where the
moving average sums up the data points of financial security
over a specific time period and divides the total by the number
of data points to obtain an average. In this case, the moving
average is continually recalculated based on the latest price
data1. This approach allows data to be smoother and less
unpredictable [30]. Therefore, we could use this approach to
study whether the moving average of patients in the different
temporal frames affects trust perception.

Future work also includes analyzing perceived trust in light
of individual differences such as personality. This type of
analysis may explain in-depth relationships between psycho-
logical constructs and the trust level of a specific decision. In
addition, leveraging a think-aloud protocol to study the use of
words, such as “unsure, uncertain, maybe, perhaps”, may hold
a more accurate assessment of trust compared to the Likert

1https://corporatefinanceinstitute.com/resources/knowledge/other/moving-
average/



scale assessment. In particular, these words can be indicative
of uncertainty or trust, as suggested by Sacha et al. [6]. Finally,
it is imperative to mention that uncertainty plays a relevant role
in the trust building [6], [7], [31]. Since trust increases when
users are aware of the presence of uncertainty in data [6], it
is also important to represent this factor while analyzing trust
perception.

VI. CONCLUSIONS

This study focused on identifying the effects of temporal
framing on trust perception in the context of time-oriented
visualization. Results show that temporal framing is a relevant
feature of time-based visualizations since people trust more
in a line chart with more data points and interact more
with a line chart that they trust less. The temporal framing
that subjects initially rely on the most in the decision tasks
also impacts the trust perception when individuals examine
visualizations one at a time. These contributions are relevant
for designers of visual analytic systems, particularly when
studying human decision-making supported by visualization.
They provide implications to understand trust perception in
a health emergency scenario and its variation inline chart
techniques differing in the time-based granularity.
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