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Animating Hypothetical Trips to Communicate Space-Based
Temporal Uncertainty on Digital Maps

Morgane Koval , Yvonne Jansen , Fanny Chevalier

Control Panel
allows to change settings Animated Hypothetical Trips Map

each animated dot shows how one 
individual hypothetical trip unfoldsInteractive Arrival Plot Panel

allows manual control of the animation and 
shows an overview of arrival times through 
a distribution plot

or a dot plot

Fig. 1: Our tool is composed of three main components: (1) a control panel used to change visual settings or model parameters; (2)
a map with embedded animated hypothetical trips, each displayed as a moving dot along a route; and (3) an interactive arrival plot
panel which shows the arrival times of each hypothetical trips either through a dot plot or a distribution plot, along with the mean or the
median, and which allows manual control of the animation in order to replay specific time ranges or pause on a particular timestamp.

Abstract—This paper explores a novel approach to communicating plausible space-based temporal variability of travel durations.
Digital maps most often only convey single numerical values as the estimated duration for a path and this piece of information does
not account for the multiple scenarios hidden behind this point estimate, nor for the temporal uncertainty along the route (e.g., the
likelihood of being slowed down at an intersection). We explore conveying this uncertainty by animating hypothetical trips onto maps in
the form of moving dots along one or more paths. We conducted a study with 16 participants and observed that they were able to
correctly extract and infer simple information from our uncertainty visualizations but that identifying moving dots’ changes in speed is a
more complex task. We discuss design challenges and implications for future visualizations of space-based temporal uncertainty.

Index Terms—Geospatial Visualization, Uncertainty Visualization, Animation, Hypothetical Outcome Plot

1 INTRODUCTION

Trip durations are generally uncertain to varying degrees. Yet, we are
often presented with a single numerical value of the overall estimated
time a trip would take. This leaves out the details about the variability
behind this estimate. Without such details, relevant questions would
be difficult to answer: What are the estimates in a best or worst case
scenario? What are the chances I arrive around the overall estimate?
Where may I find myself slowed down? To support such tasks, temporal
uncertainty must be conveyed relative to spatial information.

There exist many representations which visualize space and time
dimensions [9]. One such approach consists of distorting space, for ex-
ample, using Transmogrification [18], so as to create linear cartograms
where the distance between two points represents a duration. Since
they distort a path’s geometry, such as turns or curvature, these tech-
niques may occlude valuable information in the context of navigation
tools [35]. An alternative is to embed temporal data onto the space,
that is, to directly visualize temporal information on a path’s geometry
through ticks as time units [13, 48], or visual properties of the path’s
stroke [7]. While these are viable options for encoding single time
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values, communicating also some form of time uncertainty for a path
would clutter the map and render it illegible.

Communicating uncertainty visually is a challenge [36]. A review of
prior work [47] suggests that approaches which use a frequency framing
of uncertainty—such as using 1 in 10 instead of 10%—are an efficient
way to communicate uncertainty. This is the case, for example, for
quantile dot plots [26, 40] and hypothetical outcome plots [37]. These
types of visualizations can be used to show global temporal uncertainty
of an event (e.g., when a bus may arrive [26, 40]) by visualizing a
representative sample of plausible outcomes of the event. However,
they do not address local temporal uncertainty, i.e. what happens during
a trip. Information such as where and how long one might plausibly
get stuck can be important when deciding which route to take.

To address these challenges, we propose visual means to commu-
nicate temporal uncertainty in relation to space. This includes both
global (i.e., how long the trip might take overall) and local temporal
uncertainty (i.e., whether a specific location influences travel time). We
describe an approach which visualizes plausible trip instances along
a route, through (i) an animated hypothetical trips map showing how
each plausible trip would unfold in space and through time, and (ii)
an arrival plot showing for each route the distribution of the overall
duration of the hypothetical trips (see Figure 1).

Combining concepts from work on hypothetical outcome plots [37,
39] and on traffic flow visualization [46], we render simulated instances
of a trip as animated dots that stop, slow down or accelerate along a
path on a map. This technique calls for a large number of simulations—
at least 500—to be run to approximate a representative sample, but
displaying all of them can hinder viewers’ ability to extract useful in-
formation. Building on Kay et al.’s quantile dot plots [40], we similarly
use quantiles of trips’ overall duration to select a smaller amount of
dots that are still representative of the variability between trips.
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We chose animation because it helps with the problem of occlusion
on maps, which are already information-rich. Still, animated maps
can be cognitively demanding [33] and make it difficult to extract in-
formation such as the average time a route might take. We designed
interactive arrival plots to provide a quick visual overview of the un-
derlying distribution of arrival times, and to allow control over the
animated trips, e.g. hovering over the 10 minutes timestamp on the plot
would show where hypothetical trips would then be on the map.

We conducted a study with 16 participants to evaluate (1) whether
viewers could understand and extract data from such animations and
visualizations, (2) to what extent adding space-based temporal uncer-
tainty about a path could be valuable, and (3) whether such a feature
would hinder the usual map experience. We observed that our solu-
tion did not restrict map exploration as participants were still able to
perform typical tasks such as retrieving a path’s average duration, or
construct and evaluate an itinerary. Participants were also able to ex-
tract new kinds of information and compare paths according to outliers
(e.g., which path would be the slowest in the worst-case scenario) using
the arrival plots. Additionally, our results show that they were able to
reason about both space and time making use of the interaction between
the hypothetical trips map and the arrival plots.

Our contributions are (1) a general approach to space-based temporal
uncertainty communication; (2) quantitative and qualitative empirical
data evaluating different aspects of the approach through a specific
use case; and (3) recommendations for future work on animated maps
aiming to showcase space-based temporal uncertainty.

2 RELATED WORK

Our work explores how to convey space-based temporal uncertainty
through the use of animation of hypothetical trips. We discuss previ-
ous work in relation to space and time visualization, animation, and
uncertainty visualization, which informed our design process.

2.1 Space and Time Visualizations
Visualizing time and space dimensions in conjunction is a long-standing
challenge [3]. The difficulty stems from presenting three information-
rich dimensions, also referred to as the space-time cube [2, 5, 9, 28, 43],
onto a 2D canvas to support spatio-temporal reasoning. To support
diverse analytic tasks, researchers have proposed techniques which
slice the space-time cube to show a point in time (e.g. [8, 30]), drill it
to extract the timeline of a point in space (e.g. [59]), flatten it to show
timelines onto space (e.g. [4, 6, 8, 51]), decouple space and time as
separate synchronized views (e.g. [15]), and more. Bach et al.’s sur-
vey [9] provides a general space-time cube framework and operations
for spatio-temporal visualizations and analysis.

Specifically, we are interested in visualizing entities that move over
space and through time, i.e., how hypothetical trips would unfold in the
context of a geographical map. Doing so for one instance is feasible, e.g.
by encoding trip progression as ticks along a route [13] or by varying
visual properties of the path locally, such as thickness or saturation [48].
When many such trajectories exist, 2D and 2.5D static visualizations are
prone to visual clutter [2, 5], or offer low spatial resolution when they
rely on slicing and spreading time as small-multiples [17]. Animation
of particles along their respective motion path is a popular alternative
approach to depict such data with representative examples being traffic
flow visualizations, e.g. [20, 46, 53], and animated migration maps [57].
Animated maps have been shown to outperform small-multiples for
visually identifying space-time clusters [30], and identifying geograph-
ical local events and changes between subsequent timestamps [17], and
are thus a promising approach in our context.

Small-multiples, animated maps, embedded visualization [4], and
2.5D visualizations [5] all put an emphasis on the spatial dimensions
as the primary substrate onto which temporal data is displayed. An-
other approach is to relax this spatial substrate and instead leverage the
spatial dimensions of the canvas to encode time. For instance, linear
cartograms encode time as the distance between two points [14, 38],
hence distorting the original space substrate (i.e. the map). Such tech-
nique can be beneficial to retrieve information about a route duration,
but comes at the cost of accurately representing shape and geometry

of a path [35]. If distorting space must be avoided, then the line can
be curved in a sinusoidal manner so that duration matches the path
length [19]. However, these curves cannot always espouse the shape of
a route, making spatial reasoning difficult.

Space and time visualization is a rich and active field, with many
approaches to bear inspiration from. In this work, we are specifically in-
terested in communicating space-based temporal uncertainty, an aspect
that has not been empirically investigated to the best of our knowledge.

2.2 Animation
Bartram et al. defined motion as a distinctive aspect of display, em-
phasizing its unique potential for perceptual efficiency and interpretive
complexity [10, 12]. As such, animation has been leveraged in visual-
ization as a powerful technique to encode data [21], with a variety of
purposes including revealing relationships in data (e.g. [52]), encod-
ing emotion (e.g. [11, 58]), encoding object attributes (e.g. [25]), and
conveying uncertainty or randomness (e.g. [32, 37]).

Animations are particularly well-suited for visualizing geo-temporal
data. By mapping the data time dimension to the time dimension of the
visual representation, animated maps “replay” the temporal evolution
of space-based information, without relying on visual variables which
would create visual clutter. For instance, animated flow maps [20, 46,
53] is a popular approach to depicting moving entities, like migrating
birds or aerial traffic. Similarly, animated choropleth maps [34] are
effective at emphasizing changes between timestamps, with examples
including depicting the relative variability of temperatures, populations,
or rainfalls over time. However, they could also make it difficult to see
change in patterns, as each frame is displayed only very briefly [27,29].

Specifically, our work is interested in visualizing the outcomes of
simulations, as a means to communicate space-based temporal uncer-
tainty of hypothetical trips. One of our inspirations is the work of
Hullman et al. which uses animation to display how different hypo-
thetical alternatives result in different summary visualization outcomes
(e.g. boxplots) [37]. For maps, animation has been suggested as a way
to display spatial variability between different simulations to facilitate
analysis, including for land elevation [23] or land usage [16]. On the
example of land usages, participants in one study found the animation
useful [24], whereas in other studies, participants thought it was great as
a first approach to uncertainty but preferred static visualizations [1, 16].

Our work leverages animation’s joint qualities as a tool to visualize
geo-temporal visualization, and communicating uncertainty, and studies
their potential for trip planning.

2.3 Uncertainty Visualization
Uncertainty can refer to different phenomena (see work by Spiegel-
halter [54] for a deeper discussion), but this article is concerned with
the visualization of aleatoric uncertainty (i.e., calculable risk given a
mathematical model to make predictions of future outcomes). In more
details, the common problem we aim to address relates to space-based
temporal uncertainty, that is, a geo-temporal data set with inherent time
variability across different points.

Temporal uncertainty can be due to a lack of information about when
an event starts, ends, or what is its overall duration. If the goal of the
visualization is to help read durations, then Geschwandtner et al. sug-
gest that using a lighter color or error bars is efficient, but that gradient
colors may be more appropriate to help judge probabilities [31].

Kay et al. proposed quantile dot plots to communicate when a
bus might arrive (i.e., uncertainty about the start of an event) and
report better transit-related decision-making than when using density
plots [26, 40]. This visualization was also studied in the context of
predictive uncertainty around task duration estimates, and, combined
with other debiasing methods, it induced less optimistic estimates [42].
Quantile dot plots are a way to show large data sets by selecting a
representative subset, which applies well to predictive visualization
problems as predictions generally require large numbers of simulation
to be run. On top of cluttering the space, large data sets–and especially
large spatial data sets from predictions–can result in visualizations that
prompt erroneous judgments from viewers who mistake uncertainty
for another attribute. Liu et al. addressed this specific problem in the
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context of ensemble visualizations of hurricane path predictions by
selecting representative samples of a data set preserving spatial at-
tributes [44]. Similarly, hypothetical outcome plots (HOPs) animate
sequentially between a set of hypothetical outcomes. Hullman et al.,
and Kale et al. compared HOPs to conventional static visualizations
(violin plots, error bars, or line ensembles) and both reported more
accurate judgments about underlying distributions [37, 39].

In our case, we do not solely consider global temporal uncertainty
about the overall duration, but also local temporal uncertainty due
to spatial components of the temporal data, such as the likelihood of
stopping at an intersection.

The field of GIS (geographic information system) has also studied
how to visualize uncertainty in geo-temporal data sets, for example, in
the context of meteorology where both experts and the general public
want to see data visualized. Multiple techniques to include temporal
uncertainty in geospatial visualizations have been explored, such as
using smooth versus abrupt edges in 3D, blurring areas, or applying
gradients [45]. Depending on the field, experts might be more comfort-
able with a different visualization [41]. In a study on land allocation
issues, participants (who were experts) thought that communicating
uncertainty was favorable as it helped clarify the information without
making it harder to understand [1]. Designing uncertainty visualiza-
tions for non-experts can be different as they are less used to seeing
the data, and it often has to be simplified. Yet, concealing information
could result in errors of judgments. Displaying uncertain pollution data
on a map, instead of a single numerical value, was shown to prompt
more conservative decisions (i.e., less risky) [49].

When designing for uncertainty visualizations, it is important to
consider where the uncertainty is coming from, what must be com-
municated and to whom. In our case, the uncertainty is coming from
statistical variability (predictions), and we aim to convey how traveling
along a route may unfold to a general audience.

3 CONCEPT AND IMPLEMENTATION

We propose a new technique to visualize how uncertainty concerning
traveling along a geospatial path may unfold, by animating the move-
ment of simulated instances—hypothetical trips—shown as dots, along
the path. We thus visualize uncertainty implicitly [22] by showing a
subset of plausible hypothetical trips—a similar approach to quantile
dot plots [26,40]—using animation—inspired by hypothetical outcome
plots (HOPs) [37, 39]—to avoid the need for an additional encoding
channel on an already information dense map. We describe here the
visualization pipeline from the data source to the animation and interac-
tion. Note that the main contribution of this article is the concept, and
that any concrete implementation of the concept requires to make some
choices along the pipeline as detailed in this section.

3.1 Data Source: Means of transportation
Our technique requires time-stamped geospatial paths, where paths are
routes taken by drivers, bike riders, or pedestrians. For each of these
modes of transportation, a different set of route characteristics and
factors are relevant to consider with respect to how traveling along this
path may unfold. These characteristics and factors become parameters
in our data model. Drivers, for example, can be stuck for a long time in
a traffic jam and they cannot run through red lights. Pedestrians rarely
take roads where there is no sidewalk, but, depending on local culture,
they may choose to cross at a red light even when formally forbidden.
People on bikes generally prefer avoiding steep hills.

While our approach is generalizable to various transportation means,
our implementation focuses on pedestrians as a use case. This allows us
to consider only factors relevant to this type of transportation. However,
the tool design and associated visualization can be equally applied to
simulations built from models tailored for driving, biking, maybe also
train rides, or combinations thereof.

3.2 Generating a Sample of Hypothetical Trips
Travel uncertainty can be driven by numerous factors such as stoplights,
traffic, intrinsic speed, and more. In order to generate a set of plausible
travel scenarios for a given path, we built a model to simulate plausible

walking progressions through the path. For instance, some people may
be lucky at an intersection and arrive when the light is green, whereas
others have to stop for various amounts of time. Our model is not
an accurate depiction of what would really happen in real life, but an
approximation to produce realistic-enough looking simulations. It can
easily be exchanged for a more sophisticated model.

We use OSRM1 to fetch itineraries: we input multiple stops (such as
a starting point and a destination) and retrieve between one and three
different routes with detailed characteristics for each route segment,
which we combine with data from the Overpass API on crossing and
traffic lights. For each segment, we define random variables for events
such as the likelihood to slow down (e.g., a crossing with no traffic light)
or to stop (e.g, a big intersection where one needs to cross). The routes
from OSRM include speeds for each route segment to factor in changes
of speed specific to the segment (e.g., elevation). To account for the
variability in walking speed between people, the model additionally
includes a random variable for (walking) speed, with a minimum and
a maximum speed (e.g., from 2.5 to 5 kilometers per hour), which we
use to draw an average speed for the overall trip, and adjust it for each
road segment with OSRM data. We then run a Monte Carlo simulation
to generate a set of hypothetical trips from this model: for each draw,
we generate a random number for each random variable in our model
to determine how that hypothetical trip unfolds, e.g., whether one is
stopped or slowed down at each turn or crossing (and for how long
or how much speed is lost). A hypothetical trip is thus composed of
multiple segments, and for each segment, a start, an end, and a duration
are attached. Additionally, we compute the sum of all segments to get
the overall duration for each hypothetical trip.

A more detailed description of our simulation model and sampling
process is available in the supplementary material (on OSF).

3.3 Subsetting the Sample of Hypothetical Trips
We need to draw enough hypothetical trips from our model to suffi-
ciently approximate the many ways in which a trip may unfold2, but
showing all these hypothetical trips on a map would be visually over-
whelming. Therefore, we need to select a subset of these hypothetical
trips. We use the overall duration of each hypothetical trip as a proxy
to select a somewhat representative subset. Similar to work on quantile
dot plots [26, 40], we select our subset based on quantiles of overall
durations. First, we sort all hypothetical trips by their overall duration,
then we select the extrema (shortest and longest), and finally, we select
another n−2 hypothetical trips so that they are evenly spaced in the
sorted list (n being the size of the subset we want to have). Conse-
quently, ranges with more hypothetical trips of similar duration are
included more frequently than sparsely present ranges.

3.4 Visualization and Animation of Hypothetical Trips
We visualize each hypothetical trip in the generated subset as a dot
(filled circle) on the map and animate it moving along a polyline deter-
mined by the route’s geometry and the values for the random variables
for each route segment. All dots depart at the same time and spread out
as differences between hypothetical trips accumulate, e.g., if in a given
hypothetical trip, there is a stop at an intersection for 25 seconds, then
the associated dot will stop at that location (see Figure 2). A viewer
should thus infer the space-based temporal uncertainty by observing
dots behave differently locally. However, depending on the factor with
which the animation is sped up, a stop of a single dot may not be
perceptible.3

Once all dots have reached the destination, the animation restarts
from the beginning. Selecting a larger subset to visualize, e.g., more
than 10 dots, should be combined with a reduced opacityalpha setting
to make overlaps between dots more visible.

1Open Source Routing Machine
2We set 100 and 10,000 draws as lower and upper limits.
3For example, with a factor of 1,000 (about 16 trip minutes per second), a

25 sec stop would only last 2.5 msec in the animation.
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Fig. 2: Hypothetical trips—moving from top to bottom—along a path
getting stopped at an intersection. The three arrows point towards three
distinctive groups (the two extrema and the middle pack). Left: The three
groups are evenly spaced on the path. Middle: The first dot has to stop at
the intersection and the middle pack thus catches up. Right: The middle
pack is now stopped, the first dot moves on, and the last dot catches up.

3.5 Arrival Plots
Retrieving information from a dynamic visualization—the animated
map—can be challenging to viewers as it requires one’s constant atten-
tion. The animation only transiently shows a subset of the information
at a given time and can make it difficult to form a global view of the
underlying distribution of trip lengths. To alleviate these difficulties,
we complement the animated map with arrival plots—a timeline which
provides an overview for each route of when each hypothetical trip
arrives at the destination, similar to the concept of slit-tear visualiza-
tions by Tang et al. [56]—either as a dot plot or a distribution plot (see
Figure 1). Additionally, the arrival plots also show median and mean
values of plausible arrival times for each route as a vertical bar on the
plots. In our implementation, we display the timeline for each route
in our tool, in a bottom panel which the viewer can easily refer to at
any time. These plots are minimal (do not have explicit axes) so as to
minimize clutter, only the current playback elapsed time is displayed.

3.6 Interactive Features
We allow for four different types of interaction within our tool:
Model parameters. Different model parameters can be exposed so that
viewers can adjust them: the walking speed (a range), and the number
of simulations generated for each route (between 100 and 10,000).
Path creation. When our tool is launched, no route is displayed. One
first needs to (1) select a starting point by clicking anywhere on the
map, (2) select a destination by clicking a second time, and, optionally,
(3) add stops in-between by clicking again. When adding a new stop,
new routes are generated so that one can compare the detour to the
regular suggested route (the more straightforward itinerary). To add
a stop to a path that already exists on the map, one needs to drag that
path and release when the cursor is over the location of the desired new
stop. Holding Shift while clicking on any element (a path, a detour
marker, a starting or destination point) removes it.
Animation control. When hovering over the arrival plots, the anima-
tion playback syncs with the x-axis of the plots (time) to show where
each simulation would be at that point in time. As such, one can replay
specific parts of the animation on demand. By pressing the Spacebar,
the animation can be (un)paused. For each route on the map, an associ-
ated color box is available on the right of the upper parameters bar and
hovering over it shows the length of the route directly on the map.
Personalization of the visualization. Our tool is supplemented with a
bottom bar (see Figure 1) on which one can switch between the dot plot
view and the distribution plot view, and also choose between seeing
the median or the mean duration in the arrival plots. In the control
panel at the top, we also allow for different map tiles to be selected,
namely the regular view provided by OpenStreetMap (OSM), a satellite
view, a toner view, and a topography view. Viewers can also change the
number of dots per route (i.e., displayed hypothetical trips — between
4 and either 100 or 300 divided by the number of routes on the map).
The opacity of the dots can also be changed (from 0% to 100%).

Traditional pan-and-zoom interaction is also enabled.
A demo version of our tool is available on a GitHub page4.
4This web page is also provided in the supplementary material. Note that

4 STUDY DESIGN

We set out to understand whether people can effectively understand and
decode the information within our tool (readability), and whether there
is added value to presenting uncertainty in path predictions (usefulness).
We therefore outline the following research questions:
RQ1 To which extent can people read, understand, and make sense

of the visualizations used in the tool?

A. Can people read, understand, and make sense of the in-
formation displayed through our timeline visualizations
(dot plot and distribution)?

B. Can people extract information from the animated hy-
pothetical trips displayed onto the map?

RQ2 To which extent do people acknowledge travel uncertainty
when route planning with our approach?

A. Do people communicate about uncertainty when seeing
our visualizations?

B. Do people reason with the uncertainty that is conveyed
by our visualizations?

C. Do people take into account and/or leverage uncertainty
when planning for a path?

RQ3 Do our visualizations hinder the map experience?

4.1 Readability
By readability, we mean that we aim to investigate whether people are
able to extract information from our interface, and more specifically
from the arrival plots and the animation. We thus designed our tasks so
as to focus on two aspects:

1. Are people able to interpret and extract information conveyed by
the uncertainty visualizations? (RQ1)

2. To which extent do they acknowledge and communicate about this
uncertainty? How extensively? What do they focus on? (RQ2)

4.1.1 Visualizing uncertainty
To answer the first aspect of readability (whether people are able to ex-
tract information), we designed a set of questions focusing on temporal
information and spaced-based temporal information, which requires
decoding the visualization, understanding the meaning of the anima-
tion, and in some cases, comparing between multiple hypothetical trips.
Specifically, to correctly answer questions participants had to:

1. read and compare extreme values (outliers) on the arrival plots
(temporal uncertainty);

2. read and compare median values on the arrival plots (temporal
uncertainty);

3. read and interpret the underlying distribution shown by the
arrival plots (temporal uncertainty);

4. use both the animated hypothetical trips map and the arrival plots
to extract information (space-based temporal uncertainty)

5. interpret the animated hypothetical trips map and identify visual
patterns in the movement at specific locations (space-based tem-
poral uncertainty).

The complete phrasing of the questions that we devised for each item
is available in Table 1. All of these questions have ground truth answers
(i.e., they are not based on participants’ interpretation or preferences)
as the goal of these tasks is to evaluate people’s ability to extract correct
information. To prompt answers, some of these questions required

both version (the GitHub page and html page from supplemental) require a
working Internet connection as the tool will make requests to OSRM API. No
data from users is logged or retrieved. The demo uses the described model to
simulate walking trips for pedestrians but is not the version that was used for our
study, as it needs a local server running on a machine. As a result, this version
uses OSRM public default routing which only returns driving itineraries (and
might result in illogical detours for pedestrians).
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participants to select a path (e.g., which path is the fastest on average)
among propositions (i.e., multiple-choice question). To make sure
they actually extracted the correct information rather than choosing a
path randomly, we then asked them to select a time duration among 3
propositions to answer “How long would it take [for the fastest path
on average]?” For the task requiring participants to locate an area
along a path with the help of the animated map, they only had to
click somewhere on the map to indicate the chosen location. For each
question, participants were always asked to verbally state how they
arrived at the answer, which would allow us to understand the strategies
they used to address each question. Participants’ output from these
tasks are used to answer RQ1-A and RQ1-B.

4.1.2 Understanding and communicating about uncertainty
The second aspect of readability we aim to evaluate is how much of
the uncertainty information participants are taking into account and
communicating about. We asked them questions that required to:

1. compare different routes globally via uncertainty visualizations
(animated map and/or arrival plots) in terms of unreliability;

2. read from the arrival plots and communicate about the extracted
information.

A list of the questions associated with each item is available in
Table 1. These tasks are meant to evaluate whether people acknowledge
uncertainty while using or seeing the output of our tool. As a result, the
associated questions we asked them do not have a wrong or right answer.
Participants were asked to answer and explain their reasoning (out loud)
for us to understand and analyze their strategies and examine whether
they considered space-based temporal uncertainty. Their answers are
used to answer RQ2-A and RQ2-B.

RQ1

[BC]
In the best-case scenario, which path would take the least
amount of time (to travel)? New Bedford/Valparaiso ⊸

[WC]
In the worst-case scenario, which path would take the most
amount of time (to travel)? Boston/ Ottawa ⊸

[AL]
On average, which path takes the least amount of time?
Wellington/ Pau ⊸

[AM]
On average, which path takes the most amount of time? Mont-
de-Marsan/ Saint-Louis ⊸

[Goal]

Assuming you want your trip to take between X-Y minutes:
which path would you take to maximize your chances of meet-
ing this goal? Algiers/ Oklahoma City ⊸

[Bridge]

In the worst-case scenario, how long would it take you to reach
the bridge that crosses the river/water? Christchurch/ Viña del
Mar ⊸⊡

[BNecks]

Identify (click on) a part of the path where you are very likely
to experience bottlenecks (such as being stopped or slowed
down). Auckland/ Tulsa ⊡

RQ2

[MU]
In your opinion, which of these paths looks the most
unreliable? Berlin/ Dakar ⊸⊡

[CT]

Suppose you are taking this path to meet your friend: how
would you communicate the time it would take for you to
arrive? Kitchener/ Touba ⊸

Table 1: List of the questions that were asked to participants. Each
question was asked twice (two different curated scenarios accessible by
clicking on the link associated to the city’s name or in the supplemental
material: Question_Name_of_the_city.html), in an order dependent
on the group each participant was assigned to.
⊸ represents the questions that require looking at the interactive plot
panel, and ⊡ at the map and dots (minimal strategy).

4.1.3 Curated scenarios
For each task and associated question (see Table 1), we curated two dis-
tinct scenarios as repetitions with diverse examples. Pairs of scenarios
were selected so that they covered diverse characteristics (e.g., different
type of city architecture, different temporal patterns). A description of
our selection is detailed in the supplementary material.

4.1.4 Interface setup
We used a custom limited version of our tool for the readability tasks.
We fixed the numbers of simulations to 500 since each scenario was
pre-loaded and thus stored locally. We did not want participants to be
able to change that value (it would re-generate simulations) because
we wanted the exact same simulations to be shown to everyone. We
also removed control of parameters and fixed values for the path colors
(we picked colors that are color-blind friendly) and average value (we
picked the median, and we de-activated the toggle button allowing to
switch modes), and we set the speed to be between 3 and 4 km/h.

For the other parameters, we set defaults values which we deemed
reasonable to answer questions without having to modify the settings,
but let participants modify these values at will.We set the number of
dots to 50 (out of 500 simulations), the opacity of the dots to 50%,
the arrival plots panel to show the dot plot, and the map tile to be the
regular type (provided by OpenStreetMap) by default (see Figure 1).

4.1.5 Experimental groups
To avoid order effects, we randomized the orders of the tasks and
scenarios so as to create four distinct groups. As a result, two scenarios
(e.g., Christchurch for the [Bridge] question and Ottawa for the [WC]
question) were never repeated in the same order among the four groups
and the two same tasks (e.g., [BNecks] questions) never followed each
other. Only the [CT] questions were manually put in each group so that
every participant would start the readability part with a first iteration of
the [CT] question, and end with the other one. The order of the tasks
for the four groups is provided in the supplementary material.

4.2 Usefulness
We were also interested in evaluating how our tool would be used and
whether and how the map experience would be impacted by the addi-
tional visualizations our tool offer (RQ3). To this end, we introduced
the following scenario:

Imagine that you have 3 hours to spend in Toronto and you
would like to spend them walking around the city. Use
Google Maps and/or our tool to plan out your walk.

The city we chose was the one where the study took place so that
participants would be familiar with the location. We allowed access
to Google Maps so that participants could also use a more common
tool, should they prefer that. This also acted as a baseline for them to
compare routes and what they are seeing (e.g., they could compare the
estimated duration provided by each tool for the same path).

For that task, participants would be given around 6 minutes. Towards
the end, the experimenter would introduce a plot twist:

A friend of yours called to ask you to meet at [location
chosen by the experimenter based on participants’ choice of
itinerary]. How would you make that change of plan fit in
your current devised itinerary?

We use participants’ output for this task to answer our research
questions RQ2-C and RQ3.

4.3 Protocol
Participants were first handed an information sheet informing them
that the experiment required audio and screen recording, and asking
for their consent. They were then prompted to fill in a demographics
form to provide their age range, self-reported gender, and occupation.
The experimenter then explained that this was a study on animated
maps and instructed participants to externalize their thinking process
out loud. They were also told that the interaction with the tool would be
happening on the computer screen in front of them, and the instructions
and form would be displayed on the tablet device placed below the
computer screen. Participants were informed that they could not go
back to a previous answer to modify it, and that they should not change
the window’s size and location. Additionally, they were notified that
they could take a break at any point and that they could ask any question
during the study if something was unclear.
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All participants started with a short tutorial5 to learn how to use the
tool. Upon completion of the tutorial, participants were asked whether
they had any questions before starting the experiment.

Participants were presented with questions and scenarios of the
readability tasks in one of four pre-defined orders (see section 4.1.5),
followed by the usefulness task (see section 4.2). At the end of the
study, they were asked to answer three sets of follow-up questions in a
semi-structured interview: (1) What do you think of the tool? Do you
have any comments or suggestions? Can you think of any strengths or
weaknesses? (2) How would you describe this tool to a friend? and (3)
What do you think one dot represents? How do you think the dots are
picked among the simulations?

The experiment lasted about 44 minutes overall, and participants
were compensated with a $15 CAD Amazon gift card after completion.

5 RESULTS

We recruited 16 participants (4 for each group) through convenience
sampling, using word of mouth at our institution and snowballing. Due
to a technical issue, the audio and video recordings of one participant
was compromised and therefore excluded from our qualitative analysis.

We retrieved the demographics forms, the answers forms, the
log files (containing the click positions from [BNecks]) and the
screen+audio recordings. We used the answers forms and the log
files to retrieve participants’ responses to the different questions (click
and multiple choice questions) for the quantitative analysis. For the
qualitative analysis, we produced transcripts of the audio files and used
them with the screen recordings to determine participants’ strategies
and thinking processes, and to retrieve general comments.

5.1 Demographics
Out of our 16 participants, ten were between 18-24 years old, five
were between 25-34 years old, and one was between 45-54 years old.
Eleven participants (69%) identifed as men, and five as women. All
participants worked in the Computer Graphics or Human-Computer
Interaction fields: one was a research scientist, one was a post-doctoral
researcher, and the others (14/16) were (PhD or graduate) students.
None had prior knowledge of the project and what it aimed to achieve.

5.2 Understanding, Reading and Making Sense of Visual-
izations (RQ1)

This research question was addressed through the readability tasks
and questions requiring to read from the uncertainty visualizations
(see section 4.1 and Table 1). We report participants’ responses and
strategies in the following subsections and discuss the implication
on their ability to understand and extract pieces of information. An
illustrated overview of participants’ answers (correct or incorrect) is
available in the supplementary material.

5.2.1 Extracting information from arrival plots (RQ1-A)
We asked participants questions that required to read and compare
values provided by the arrival plots (see [BC], [WC], [AL], [AM],
[Goal] in Table 1).

For the [WC] and [BC] questions, all participants except P12 selected
the correct path and time duration. P12 realized that they had looked at
the central tendency instead of the leftmost dot on the arrival plot. They
could not correct their previous answer, but they verbally acknowledged
their mistake. Overall, we found that participants were able to correctly
retrieve extreme values and compare them across multiple routes.

For the [AL] and [AM] questions, all participants selected the correct
path but P4 then chose the wrong time duration (28 minutes instead of
27). From the transcript we retrieved that P4 stated they first wanted to
answer “around 35 minutes [...] because [they] just want to be safe.”
It was the second question they had to answer, that is, the first question
after answering [CT] which involves personal preferences. P4’s mistake

5The tutorial is available at this GitHub page as well as in the supplementary
material (tutorial.html). Please note that an internet connection is needed
for both versions as the actual route calculation is done with OSRM API. The
tool does not track nor log any data or interaction with it.

might thus be due to a misunderstanding of the question as they tried
to choose a more conservative time duration. Overall, results again
suggest that participants were able to read our arrival plots to retrieve
the central tendency showcased by a vertical bar on the plots, and to
compare this value across multiple hypothetical trips.

We examined the different strategies participants used to address
these questions (i.e., what information was leveraged to answer the
questions). With no surprise, they either looked at the average value
that was given, or at the extremum value (either right or left depending
on the question), which is consistent with the few errors participants
made on these questions. P3 and P13 were the only participants to
increase the number of dots to make sure the plots were representative
enough to answer the questions. As we did not explain beforehand how
we selected the simulations that we displayed on the map and plots,
this strategy suggests that these participants wanted to make sure they
had all the information available to answer these questions correctly.

Out of the two instances of the [Goal] questions—which required
identifying the path that increases the likelihood to arrive within x to
y minutes—only that in Algiers produced incorrect answers. P4, P10
and P13 chose the pink path over the correct yellow one. P4 dismissed
the correct path and the incorrect blue paths because their worst-case
hypothetical trip had an arrival time greater than the [x-y] range, which
means that they considered arriving later than the goal to be worse than
arriving before. Similarly, P10 chose the the faster path, because “it
was fine time-wise and then it was mostly along the same street” which
indicates that they looked at both the map and the arrival plot and then
only focused on how to get to the destination before the range. P13
chose the fastest path “because even in the worst case of pink, it’s 55
minutes and the average of arrival time is also the smallest” .

The preferred strategy for these questions was looking at the central
tendency to see whether it was within the range or else, then which path
had a central tendency closest to the range. However, seven participants
(P1, P3, P5–P8 and P11) mentioned looking at least once at the whole
arrival plot (and thus the underlying distribution) to get a better sense of
how likely being in that duration range would be: “I think from looking
at the distribution plot, I would choose the yellow one, because I think
the majority of the points falls within 50 to 55.” (P6)

5.2.2 Extracting information from the animated map (RQ1-B)
To address this research question, we examine the response to questions
that required looking at and reasoning with the animation (i.e. the
[Bridge] and [BNecks] questions).

The [Bridge] questions required participants to visually locate a
specific animated dot and use the arrival plots to retrieve a time duration.
With the exception of P2 and P13, all participants answered the instance
in Viña del Mar correctly. P2 and P13 both looked at the arrival
plots and retrieved the overall duration in the worst-case scenario
(the rightmost dot) instead of looking at the map. P2 also answered
incorrectly for the second instance of this question (in Christchurch):
P2 looked at the dots in the map and retrieved the time when the first
group of dots reached the bridge, instead of the last one. All other
participants selected the correct time of arrival.

Hovering over the arrival plot in order for the animation playback to
be at the exact moment the last dot reached the bridge and then reading
the time value was the preferred strategy by far. Instead of hovering,
P7 paused the animation, and P15 just read the value directly without
interacting nor pausing. To our surprise, P13 noticed the bridge in
Christchurch was at a distance of about one third of the whole path so
they retrieved the worst-case total duration and divided it by 3. Opting
for such mental calculation means that one assumes the speed was
constant throughout the whole trip. It is unclear if this was P13’s
assumption. It is also unclear whether they opted for this approach
over the other way as employed by other participants, or simply did not
figure out that such alternative would help arrive to the answer.

For the [BNecks] questions, participants had to select an area on
the map where they would be likely to experience bottlenecks. To
detect such pattern, one had to watch the animation and identify when
dots would start to slow down or stop (see an example in Figure 2).
The correct areas (i.e., the one where a change of speed could be
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Fig. 3: Locations that participants selected as creating bottlenecks on
the map (black circles) in Tulsa (left) and Auckland (right). The dotted
blue ellipses represent the areas we considered as correct. Answers
outside of these were labeled as incorrect.

visually detected) along with the locations selected by participants are
shown in Figure 3. In Tulsa, while 8 participants did select correct
areas, the others chose intersections were no sign of slowing down nor
stopping was visible. Similarly, in Auckland, four participants chose
an intersection different from than the ones we consider correct.

P2, P5 and P10 selected an incorrect location twice while P3, P4, P6,
P8, P12, P14 and P16 selected a correct location twice. This question
was described as difficult by multiple participants, even by those who
were able to select the correct area. Those who chose an incorrect
area reasoned by looking at the path because they could not visually
identify where dots were slowing down or stopping. They thus relied
on heuristics concerning features such as highways or big turns and
deduced that they would probably cause bottlenecks: “I cannot tell
from the visuals. I will say just speaking from experience I will say
around, under the, under the highway that will be a slow point.” (P9)
This suggests that, even if the animation was not informative enough
for all participants, many were still able to read the map and reason
with it (no occlusion from the animation). However, it also indicates
that changes in speed are hard to infer from our animation alone.

The responses we retrieved from participants and the strategies
they followed revealed that they were able to effectively read and
extract relevant information from the arrival plots. The (few) errors
that were made using these plots can be attributed to oversights when
reading the instructions. One aspect of our visualizations that was more
complicated was reasoning with the underlying distribution. Regarding
the animation and thus the spaced-based temporal information type of
questions, two observations emerged: (1) participants were able to read
from the arrival plots while looking at the dots in the map thanks to the
interactive features binding the arrival plots and animation replay, but
(2) drawing conclusions based on the animation alone was judged as
complex by participants as visually detecting changes in speed was the
most difficult task.

5.3 Acknowledging Uncertainty (RQ2)
We address RQ2 by examining participants’ answers from the remain-
ing of the readability tasks (questions [MU] and [CT]) and checking
whether participants used uncertainty lexicon (e.g., using words such as
“approximately” or “around”). From here onwards, P16 is not included
in the report as their audio/video recording was compromised.

5.3.1 Communicating about uncertainty (RQ2-A)
Participants were asked twice (once at the beginning of the readability
tasks, once at the end) to verbally state how they would communicate
their time of arrival to a friend when looking at the output of our tool
for a fixed route (questions [CT])6. Three out of 15 participants (P1,
P11, P13) chose to only communicate a single numerical value, such as
“it’s going to be 36 minutes” (P11). Among the remaining participants,
three (P4, P5, P6) gave a single numerical value the first time (at the
beginning of the study) and then communicated more uncertainty the
second time (after completing the readability tasks). Participants who
employed uncertainty lexicon within their answers used words such as

6Collected responses are detailed in the supplementary material.

“approximately” (4 participants), “about” (2), “around” (5), “somewhere
near” (1), or added “-ish” (2)to their estimate. Eight participants even
included ranges such as “you can expect me to come in 36 minutes, but
if there’s traffic then it won’t take longer than 50 minutes” (P7).

What stems from these responses is the participants’ focus on the
central tendency, even when combined with words that express uncer-
tainty. We looked for the different reasoning mentioned by participants
who did not choose to use solely the central tendency to build their
answers, and two strategies emerged. Four participants (P7, P8, P13,
P15) talked about or considered longer times of arrival because they
acknowledged their propensity to be late, or they overshot because “the
penalty for being late is higher [than for being early]” (P13). P14, on
the other hand, looked at the first dot on the left (the best-case scenario)
because they are “the fastest walker [they] know.” This illustrates how
different concerns or beliefs held by participants shape the way they
integrate the available information in their reasoning. If most of them
only relied on the central tendency, there are some cases where it made
sense to participants to also incorporate additional data.

5.3.2 Reasoning with the uncertainty (RQ2-B)
Without providing participants with a definition for the word ‘unreli-
able’, we asked them to “Select the path that looked the most unreliable
in [their] opinion” ([MU] questions). Since the visualizations they had
before them included uncertainty, we were interested in seeing whether
they would incorporate it in their reasoning (that is, whether they would
value and consider that piece of information). In the Berlin scenario, all
participants chose the yellow path as the most unreliable. In Dakar, P10
was the only one to choose pink over yellow as most unreliable. This
does not match the participant’s answer for they viewed reliable as a
path that does not display many crossings (meaning that, in their book,
the yellow path should be the most unreliable). One common mistake
that was corrected by most participants before selecting their answers
was thinking they needed to select the path they would normally choose
instead of the one they viewed as most unreliable. As such, P10’s
audio-video recording hints at that participant mistakenly selecting the
path they viewed as most reliable.

For the [MU] questions, we identified strategies during which partici-
pants would look at the plot:

1. Unreliable means slower: Participants selected the path that
had the highest central tendency (that is, the slowest on average).
“It would have to be the yellow path because of the significantly
higher average time” (P2) – Used by P*1, 2, 4, 8, 9, 10-15.

2. Unreliable means highly variable: Participants looked at the
underlying distribution and selected the path displaying the most
variability. “I would think the yellow path because the dots seem
to be more spread out” (P6) – Used by P*1, 3-9, 12, 15.

– or look at the map and animated dots:
1. Unreliable means intricate: Participants selected the path which

had the most turns or which looked the more complicated in terms
of navigation. “Because it’s like... makes a lot of turn” (P3) –
Used by P*1, 2, 7, 9-11, 13, 14.

2. Unreliable means visually scattered: Participants selected the
path with the animated dots that looked the most inconsistent in
terms of overall speed. “It seems to really spread out towards the
end, where pink stays like very, very close together with the dots
that are varying in speed.” (P15) – Used by P15.

Only P3, P4, P5, P6 and P10 used a single strategy for these tasks,
whereas the others used mixed strategies (such as looking at both the
central tendency and the path’s geometry). Two participants (P2 and
P7) used the visual features of the paths (e.g., turns) to try to rationalize
the underlying distribution given by our arrival plots: “I don’t trust the
larger roads because there can be traffic so [...] that’s intuitively the
reason why this might have a larger range.” (P7) This is interesting
because it can indicate that providing this kind of information to viewers
does not necessarily prevent them from making their own assumptions
and trying to figure out on their own if the uncertainty visualization
they see aligns with their internal representation of the path.
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P4 and P10 based their answer solely on the central tendency shown
on screen. P2, P11 and P14 looked at both the central tendency and the
path (how it looked: for example, whether it had a lot of turns). The
remaining participants used information that they extracted from the
uncertainty visualization (either the animated map or the underlying
distribution showcased by the arrival plots), indicating that they indeed
considered the variability of the simulations.

5.3.3 Leveraging uncertainty when planning (RQ2-C)
We use the usefulness task and analyze participants’ screen and audio
recordings, looking for instances where they would mention time val-
ues other than the central tendency from the arrival plots, and more
generally, vocabulary hinting at temporal uncertainty (i.e. words such
as “approximately" or “about" applied to trip durations).
About half of the participants (P1, P4, P6, P8, P9, P13–P15) only
looked at the central tendency but P6, P8, P9 and P13 used words such
as “around” and “aproximately” to nuance their time estimates. This
can be explained by people’s tendency to round values [55] rather than
a clear indication of them expressing temporal uncertainty. P15 stated,
at the beginning of the usefulness task, that they wanted to use our tool
to specifically look at the underlying distribution (“I feel like getting a
sense of the spread will be very, very important there, right? Especially
if I didn’t want to be late for that particular thing.”) but ended up not
doing so. Among the remaining participants, none of them looked at
the best-case scenario but considered the worst case. They included that
value in their decision process either (1) as a limit (e.g., if it exceeds 3
hours then it is risky and too long), or (2) to get an idea of the worst
duration and then gauge whether they can still fit in one more stop.

We gathered evidence from participants which suggests that having
access to uncertainty has some value: depending on the situation, one
may want to consider the worst-case scenario for example. However,
temporal uncertainty was not consistently acknowledged by all partici-
pants throughout the study. There is an emphasis to be made on the fact
that uncertain temporal information is not for everyone–some people
care less about temporal uncertainty but will look at a path’s geometry
to make a decision.

5.4 Impact on the Map Experience (RQ3)
We categorized comments collected from the end-of-study semi-
structured interview regarding the weaknesses and strengths that were
mentioned. To comment on the map experience, we also analyzed the
transcript and video recordings from the usefulness task, evaluating
whether participant were able to construct their own itinerary with the
tool, which entails exploring different routes and detours, and reading
and reasoning with the available information. The relevant excerpts
from participants this part are provided in the supplementary material.

5.4.1 Weaknesses
We specifically looked for clues indicating participants struggled to per-
form an action (e.g., they mention not being able to find the information
they are looking for, do not understand how to perform an action).

During the usefulness task, all participants experimented with the
tool for at least a bit. The action most participants struggled with
was adding detours: they attempted to click sequentially on multiple
locations. As doing so adds new paths in our tool, it caused frustration7.

While this limitation was problematic for the usefulness task, it does
not relate to the proposed animated map nor the arrival plots (but is
rather an easy-to-solve UI problem). Participants also mentioned the
choice of colors for each path as not well-suited: the yellow dots and
line would often blend with the built-in colors of the map.

Another weakness is the time it takes to fully reveal the arrival plots.
Since our animation runs at a fixed speed, longer hypothetical trips take
longer to arrive at their destination. P12 requested to skip animation
playback, instead of having to hover over the arrival plots.

7The proper action would be to drag the existing path and release where to
add a stop.

5.4.2 Strengths
We looked for instances where participants would bring up something
they enjoyed about our tool8. It was up to the participants if they
wanted to compare our tool to Google Maps or not. Some did, some
did not. When asked how they would describe our tool to a friend, P2
said “Google Maps on steroids?” and P3 “would describe it as a better
Google Maps.” In more details, the features introduced by our tool
that were mentioned by participants can be categorized as follow:

1. A sense of reliability: P11 stated that “It’s like Google Maps, but
you get a better estimate” whereas P7 viewed our tool as more
reliable. A possible explanation could be that our default speed
was closer to the average speed of those participants, and thus our
tool indicating an average time closer to what they think it usually
takes. What can also provide a sense of reliability is the fact that
we are showing multiple simulations, summarized through our
arrival plots, instead of a singular value that may be inaccurate.
“It’s kind of common annoyance [...] with Google Maps where it
says, oh, it’s going to take 10 minutes, but actually, it’s almost
never correct how long it takes, at least for me, when you walk
somewhere.” (P3) – Mentioned by P*3, 5-7, 11.

2. Ranges of values: Some participants were vocal about their
preferences towards having a range of possibilities as an available
piece of information. The range we provide is actually composed
of multiple values/simulated durations being presented on a plot,
which means one can look at any specific value they deem relevant.
It gives viewers more choice on what to take into account (for
example, P4 and P7 view the worst-case scenario value as useful).
– Mentioned by P*4, 5-7, 9, 11, 12, 15.

3. The animation: Animating the simulations with dots on the map
shows what can happen at specific locations along a path, as P7
reports: “I can, from animation, I can see which part is going
slowly.” One aspect the animation brings, which we did not
anticipate, was that it also shows the direction one has to go,
which P10 found helpful. – Mentioned by P*7, 9, 10, 12, 13, 15.

4. Customizability: There are two aspects behind customizability
that we address with our tool. We allow for (1) a custom speed
to be selected and (2) path refinement (i.e., users can explore
multiple options and change the suggested routes to match their
needs based on the available information). Regarding the speed,
having that control over this parameter can help get estimates that
are more personalized. “Oftentimes [...] something like Google
Maps... Usually, the timing that it gives isn’t necessarily [...]
customized to me. ” (P15) – Mentioned by P*5, 7, 9, 10, 12, 15.

We did not ask participants to speculate on whether they would use
our tool in their everyday lives but P2 still mentioned “[they] would use
this tool for tourism reasons because [they] could plan [their] getaways
better” and P11 “liked it more than Google Maps for planning trips.”

The general impression was positive overall with no indication that
our technique made basic tasks (e.g., retrieving a path’s average du-
ration) more complicated, or that it impaired the map experience. At
worst, a map reader might consider uncertainty visualizations useless,
but it seems to not prevent people from extracting relevant pieces of
information. At best, our method provides a more custom experience
and more information for participants to base their decisions on.

5.5 General comments
We report here comments made by participants that do not answer our
research questions but are relevant to the usefulness of our technique.

Some participants liked how accurate our tool seemed to be (provid-
ing ranges, simulations), but P6 inquired about the need for accuracy in
such a context: “Maybe the estimations, like this accuracy might not
be something that [...] I care about the most when I try to navigate
places.” Additionally, while having speed ranges was seen as a plus,
many mentioned they did not know their own speed: “It would be even
more useful if I knew how quickly I actually walk but I don’t.” (P15)

8We do not report here comments that are directly related to the UI.
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We never specified to participants that our use case was focused
on pedestrians, and instead let them figure it out on their own. As a
result, four participants (P5, P8, P9 and P11) thought it was meant
for driving/cars. This became clearer when we mentioned, for the
usefulness task, to pretend they were going for a walk.

During the usefulness task, P1 was selecting an itinerary similar to
the one they used to walk everyday and realized that they were taking
the least optimal route: “It’s actually [...] helping me because I usually
walk this route. But I do the worst one.” This is further evidence that
our tool provides understandable, and potentially useful information
which may not have been available using traditional tools.

6 DISCUSSION

Our work tackles the difficult challenge of visualizing outcomes of trip
prediction along one or multiple routes in such a manner that viewers
can understand space-based temporal uncertainty when following such
routes. The problem entails communicating space-time information
about trips along a route (a non-trivial problem in and on itself), as
well as communicating uncertainty associated with accounting for
multiple hypothetical trips (which is another complex problem of its
own). We identify the potential of animating particles in maps to
support these dual goals, for animation’s properties as a space-efficient
representation (borrowed from traffic flow animated maps) which also
acts as a frequency framing of temporal uncertainty (extending on
HOPs [37, 39]). We propose an approach that supports reading and
understanding both global temporal uncertainty, as well as local space-
based temporal uncertainty, using these animated maps in combination
with arrival plots, which present an overview of the distributions.

Our study results suggest that people were able to read, evaluate,
and correctly interpret information presented through our approach.
We found that participants were able to reason about hypothetical
trips being display, with regard to overall temporal estimates (average,
best, and worst case), as well as local space-based temporal estimates
(e.g. likelihood to reach a particular location within a given time).
Participants had more difficulties identifying granular changes in speed
(i.e. where and to which extent one would be slowed down).

Our work provides evidence that animating a representative sample
of plausible outcomes resulting from a predictive/simulation model are
effective tools for implicit communication of uncertainty applied to
spatio-temporal reasoning. A similar strategy could be applied to other
contexts, especially in instances where the representation of a single
instance (e.g. in our case one trip) is already visually-rich. Future
research should look into combining (i) animated visualizations (akin
to our animated hypothetical trips map, or the hypothetical outcome
plots [37]) with (ii) representations of distributions (akin to our arrival
plots, or the quantile dot plots [40]) to support tasks involving both
global and local uncertainty reasoning.

Arguably, the application domain we chose to study these ideas (i.e.
simulating trips) may not make the most compelling case as to the
usefulness of our general approach for real-world tasks such as trip
planning. We found that in spite of being successful at answering study
questions (i.e. readability), most participants may not really care that
much about uncertainty information in the first place in these scenarios
(i.e. usefulness). This does not invalidate our results. Rather, we see
an opportunity for more research as to what other domains our general
approach would apply. Our visualization pipeline is directly applicable
to hurricane forecasts, wind flows simulations, population flows, for ex-
ample. It would be interesting to investigate what application domains
may most benefit from support for space-based temporal uncertainty.
Specifically, the context in which this approach is to be used will influ-
ence the non-trivial task of selecting appropriate colours: an issue we
faced with map tiles showcasing a lot of different color contrasts.

Another interesting insight from our study is that participants relied
on heuristics and beliefs that are specifically pertaining to the appli-
cation domain when approaching some tasks. For instance, we found
that participants were more inclined to consider worst-case estimates
in their uncertainty reasoning than best-case estimates, which stems
from lateness being less socially acceptable than being early. Similarly,
the notion of "reliability" (which requires understanding uncertainty)

bears a particular meaning in our context, which would differ in other
contexts. Future work could explore more in depth the impact of the
application domain on the roles, meaning, and usage of uncertainty
information when such information is exposed to viewers.

Our visualization pipeline is generalizable. Here, we demonstrated
a full instantiation for the specific case of hypothetical trips, but all
building blocks could utilize a different method. We provided partic-
ipants with a complete solution comprising of multiple components,
including an automatic animation, user-controlled playback animation
through interaction with the slider, as well as static visualizations pro-
viding global distribution views. It would be interesting, in future
work, to tease apart the role of each such components in supporting
space-based temporal uncertainty reasoning. Additionally, we created
our own model to make up for the lack of existing data and to generate
hypothetical trips. Future implementations could incorporate empiri-
cal models of walking patterns [50] to showcase even more realistic
movements of dots, or other types of models. Similarly, our sampling
technique stems from prior literature [40], but other sampling meth-
ods may be more suited to other scenarios. Finally, the visualizations
per se can be adapted to the underlying data to be visualized. In fact,
there are many features that could be added and evaluated such as a
textual explanation of local uncertainty (e.g., red lights, roadworks)
or additional interactions with the map to retrieve each moving dot’s
current elapsed time. Still, our recommendation is to employ animation
of representative outcomes, whose playback is bound to interactive
control of an overview distribution plot.

Finally, our study has some limitations, which future work could
help address. First, our participants were all scientists, and thus po-
tentially better-versed in visualization and statistical literacy, which
could have skewed our results. Future studies should explore whether
exposure to, and experience with uncertainty representations impact
people’s ability to make sense of animated hypothetical trips. Second,
we evaluated our approach on high-resolution monitors. It is unclear
how our approach (or future ones building on our work) would cater
to smaller displays such as mobile phones. Our participants already
struggled in identifying speed variations. Reducing the display space
would only make things worse, and might call for alternative repre-
sentations which are less space demandingand which require finding
a way to compact the displayed information. Future work could also
investigate other variables to better encode and show a change of speed
(e.g., color, size), or the benefits of allowing refined control over the
playback speed to provide a more precise exploration of the data.

7 CONCLUSION

We proposed a novel approach to communicate space-based temporal
uncertainty: animated hypothetical trips on a map and interactive arrival
plots allowing to control the animation playback at will. We conducted
a study with 16 participants to evaluate our technique’s readability
and usefulness and we observed that overall, participants were able to
retrieve values such as the central tendency of the estimated duration
for a path, extrema and outliers, and to compare these between different
routes. Our animation only helped some participants detect potential
bottlenecks, suggesting that there is a need for other parameters to be
investigated in order to showcase that change in speed more clearly
(e.g., size of dots, color, playing speed). Our technique is a promising
step towards communication of space-based temporal uncertainty to
lay people as participants were able to construct their own itinerary and
extract the information they deemed useful for that task. Overall, our
work provides evidence that our generalizable visualization pipeline
is worth exploring in other contexts where reasoning about global
and local uncertainty is important, and hope it will provide a useful
framework for future exploration in this space.
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