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Figure 1. Many interactive systems, for example weather applications, show uncertain data from a single source (see a). To encourage the design of
interactive applications that show uncertain data from multiple sources, we identified three aggregation mechanisms. The direct comparison allows
users to look at data from multiple sources at the same time introducing mental workload to aggregate the data. The range and average aggregation
provide computationally aggregated data which reduces the mental workload for the user.

ABSTRACT

We often base our decisions on uncertain data - for instance,
when consulting the weather forecast before deciding what to
wear. Due to their uncertainty, such forecasts can differ by
provider. To make an informed decision, many people com-
pare several forecasts, which is a time-consuming and cum-
bersome task. To facilitate comparison, we identified three
aggregation mechanisms for forecasts: manual comparison
and two mechanisms of computational aggregation. In a sur-
vey, we compared the mechanisms using different represen-
tations. We then developed a weather application to evaluate
the most promising candidates in a real-world study. Our re-
sults show that aggregation increases users’ confidence in un-
certain data, independent of the type of representation. Fur-
ther, we find that for daily events, users prefer to use com-
putationally aggregated forecasts. However, for high-stakes
events, they prefer manual comparison. We discuss how our
findings inform the design of improved interfaces for com-
parison of uncertain data, including non-weather purposes.
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INTRODUCTION

People have to deal with uncertain data in their everyday lives
and understanding it correctly can be crucial. For example,
the misinterpretation of a long-term forecast of a financial
market trend can lead to negative consequences for the in-
dividual. Most of the time, people however use short-term
predictions such as arrival time or calorie expenditure predic-
tions. The most prominent examples for such a short-term
prediction are weather forecasts. Here, people are usually
aware of the uncertainty in the prediction [22] and take it into
account (e.g., by bringing an umbrella even though the chance
for rain may be low).

For many forecasts, users can choose between different
providers. The information between providers may differ as
they use different models as basis for their forecasts. In infor-
mal interviews in the context of a former study, we found that
a large percentage of people compare forecasts from differ-
ent providers since they do not have sufficient trust in a sin-
gle source. For example, people will consult several weather
forecast providers before going on a hike in the mountains
as the weather can change quickly and facing a thunderstorm
in the mountains can have deadly consequences. However,
the comparison of multiple sources of information can be te-
dious and cumbersome. For example, many people reported
that they open several tabs, each for one weather website, and
then manually switched between them while trying to remem-
ber what values the other forecasts showed. This approach
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requires mental effort. High-level services that combine mul-
tiple forecasts from different sources could support compar-
ison. The demand for such services for easy comparison is
clearly given as some applications' supporting weather fore-
cast comparison recently entered the market. What is still
missing, is a theoretical underpinning of how to design for
easy comparison of weather forecasts, and for uncertain data
in general.

The main goal of our work is to understand how services that
aggregate and display multiple forecasts should be designed
to be most useful for users and increase their confidence in
the uncertain data depicted. Therefore we compare three ag-
gregation mechanisms: two mechanisms that computation-
ally aggregate the data (see Figure 1c and Figure 1d) and one
mechanism that supports manual comparison (i.e., the user
can directly compare the data from separate sources without
having to switch between applications or websites; see Fig-
ure 1b). Computational and manual aggregation are likely to
differ with regards to the amount of mental workload they in-
duce and the amount of perceived control, as in one case the
computer aggregates the data for the users and in the other the
users have to aggregate the data on their own.

In a first step, we evaluated the aggregation mechanisms us-
ing an online survey. We used three different visual and one
textual representation as well as three scenarios to understand
whether and how they influence the preference for one aggre-
gation method over another. We then conducted a real-world
study using a custom Android application that supports man-
ual and computational comparison.

Our three contributions aligned to the goals of our research
are as follows:

1. We present aggregation mechanisms for uncertain data
from multiple sources spanning the range from automatic
to manual aggregation.

2. We show that the aggregation of multiple sources is pre-
ferred to single source forecasts, independent of the type
of representation. However, the preference depends on the
importance of the scenario, for which the weather fore-
cast is consulted. Additionally, we show that people place
higher confidence in aggregated forecasts.

3. We provide implications for the development of applica-
tions that support comparison.

Our results demonstrate that designing for comparison in-
creases users’ confidence in uncertain data. We specifically
recommend to use direct comparison when the potential neg-
ative consequences associated with an uncertain event are es-
sential for a user and to introduce computational aggregation
when the negative consequences are rather negligable.

BACKGROUND & RELATED WORK

As basis for our work, we build on previous work on uncer-
tainty of different fields including psychology, HCI, visual-
ization, and meteorology.

'Climendo: http://climendo.com/, WeatherXM: http://
weatherxm.exm.gr/
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Definitions of Uncertainty

Most work on uncertainty is domain-specific, which leads
to manifold definitions and references of the term uncer-
tainty. Because each domain focuses on their research inde-
pendently, the term ’uncertainty’ is used inconsistently [21].
This leads to specialized typologies, for example for geospa-
tial information [37] that only work in the context of one do-
main. One of the earliest classifications for visualizations of
uncertain data focuses on the data type and the visualization
extent [27]. Potter et al. [29] recently proposed another tax-
onomy focusing on to-date visualization approaches for un-
certain data that takes into account the data dimension and
the data uncertainty dimension. Broader classifications focus
on the level of the data [34] or the sources of uncertainty [29].
In our work, we focus on implicit uncertainty induced from
using multiple sources rather than on statistical uncertainty.
Each source of uncertain data may include statistical uncer-
tainty, however, it is often not communicated by providers.

Uncertainty in Psychology and HCI

A multitude of psychological studies show that humans strug-
gle with probabilistic information. When they judge uncer-
tain information, humans are prone to biases and heuristics
[38]. Humans also have difficulties to integrate information
to make binary decisions [14]. These findings are particularly
important for the field of risk perception to understand how to
communicate, for example, information about a hazard [35].

In HCI, there has been a recent increase in the interest in
uncertainty visualization and communication, such as in the
case of the exploration of personal genomics data [32], data
analysis [8], machine learning [17, 41], bus arrival predic-
tions [15], or range anxiety in electric cars [13]. Kay et al.
[16] reported that missing uncertainty information decreased
trust for body weight measurements. In all of these applica-
tion areas in HCI it is possible to use aggregated forecasts if
multiple predictions from different sources are available and
they may therefore benefit from our findings.

Visualization of Uncertainty

A large number of previous publications have focused on
the visualization of uncertain data. Glyphs [27, 42] are for
example heavily studied for visualizing uncertainty for ex-
perts. Other visualization methods such as line graphs [36],
box plots [28], or bar charts [3] have been studied as well.
Other research focuses on a specific type of uncertainty and
compares different approaches, e.g., for bounded uncertainty
[26]. For laymen, either quantitative or qualitative approaches
can be used to communicate uncertain data. Both approaches
have considerable drawbacks. On one hand, understanding
quantitative information can be difficult as studies showed
that even well-educated adults have difficulties in solving
easy probability questions [20]. On the other hand, qualitative
information can be misleading due to different perceptions of
terms such as “low risk” or “low uncertainty” [39].

In spite of this wealth of findings regarding uncertainty vi-
sualization, there are no clear guidelines for which visualiza-
tions to use in which context. One more main challenge in un-
certainty visualization is the quantification of the uncertainty.
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The uncertainty has to be captured and modeled accurately
to ensure correctness of the data displayed in the visualiza-
tion [1]. As quantification of uncertainty is difficult, com-
paring outcomes from different models (in our case different
providers) can be used to implicitly get information about the
uncertainty of the models.

Uncertainty in Weather Forecasts

Already several years ago, the National Research Council [5,
6] and the American Meteorological Society [4] highlighted
the importance and value of communicating uncertainty to
the public. This has raised an interest in research in uncer-
tainty communication [2, 7]. In a nationwide survey in the
US, Morss et al. [22] found that 96% of the participants use
weather forecasts more than three times per day. People are
also aware that weather forecasts are uncertain [11, 19, 22,
23]. Multiple studies conducted by researchers in the field of
meteorology and psychology showed that people prefer fore-
casts with uncertain information to deterministic ones [22]
and additionally make better decisions [10, 24, 30, 31].

Adding uncertainty increases perceived transparency and reli-
ability, probably by increasing the trust in a forecast [12, 30].
Joslyn et al. [12] also found that showing explicit hints re-
garding how to make a decision did not help people. Mostly,
they wanted to do a self-informed decision and did not have
confidence in the forecast of the system. Siegrist [33] de-
scribes the concept of general confidence in risk perception
as the feeling that everything is under control and that uncer-
tainty is low, which is what should be achieved by systems
communicating uncertain data.

Although much research exists regarding how to communi-
cate and visualize uncertainty in the weather domain, current
forecasts seldom communicate uncertainty beyond the proba-
bility of precipitation. This is mainly the case because there is
still the perception that the general public does not understand
probabilities [18, 25]. Additionally, quantification of the un-
certainty is not a trivial task. One interesting approach has
been developed by Frick et al. [9] who presented the predic-
tions of different models in an ensemble flood warning sys-
tem. Here, participants preferred more detailed information
after using the system for a while to make an informed deci-
sion on their own. We see a connection to people looking at
multiple weather forecasts and comparing them. As different
forecast providers use different weather models and data, the
easy comparison of these forecasts could support people in
their feeling of making a more informed decision.

DESIGN RATIONALE FOR AGGREGATION MECHANISMS
Supporting the comparison of forecasts can be achieved in
two ways. First, manual comparison of forecasts could be
supported by reducing the mental workload and the tedious
switching between providers. Second, the data could be ag-
gregated by the computer to decrease the mental challenge
even further. However, this second approach may result in
a feeling of loosing control as people do not necessarily fol-
low given advice and decision aids [12]. To compare a wide
range of possible mechanisms, we use the direct comparison
as a mechanism that still requires a high mental workload
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Figure 2. The Aggregation Mechanisms differ on the amount of men-
tal workload needed for comparison by presenting less predetermined
comparison results (from left to right).

from users as they have to aggregate the data on their own.
This is in contrast to the average aggregation where the com-
parison is completely pre-defined. The range aggregation is
in-between these two mechanisms as it computationally ag-
gregates data, but still allows for users’ own judgment (see
Figure 2).

We describe the mechanisms in more detailed in the follow-
ing sections and also include the a baseline “Single Source”.
To identify the ideal number of sources that people normally
compare, we conducted a short informal survey with six par-
ticipants where five out of six participants stated that three
sources are the optimal number, and one participant stated
that two sources would be optimal. Therefore, we decided
to use three sources in all our design considerations and
sketches.

Single Source

A single source forecast (see Figure 1a) is how many current
weather forecasts are displayed — i.e., the weather forecast
shows the weather data of one source. We mainly use this as
a baseline for comparing the other aggregation mechanisms
against the current state of weather applications. The single
source induces the highest mental workload in the user when
comparing different forecasts as the user has to open differ-
ent sources and potentially remember them if they cannot be
shown next to each other (for example due to small screen
size on a mobile phone).

Direct Comparison

Direct or manual comparison (see Figure 1b) is similar to hav-
ing several single source forecasts in one system such that
they can be perceived in one glance (similar to the approach
used by Frick et al. [9]). This reduces the mental workload
on comparison as values can be compared directly without re-
membering them. It also reduces the time and effort of find-
ing multiple sources, but the comparison and interpretation
of the data itself still needs to be done “manually” by the
user. The effectiveness of this aggregation mechanism also
depends highly on the number of sources for information and
screen constraints. On a small screen of a mobile phone for
example, only a few sources can be shown next to each other
without scrolling.

Range Aggregation

The range aggregation (see Figure 1c) is a computational ag-
gregation mechanism that still enables users to make some
comparison on their own. A range representation was already
suggested by Morss et al. [23] for showing weather forecast
uncertainty. In contrast to their visualization, our aggregation
mechanism does not take the values from the same weather
source but shows the minimum and maximum values from
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across multiple sources of information. This gives the user
the possibility to judge by how much sources vary without
having to compare all values manually. On the downside,
having one source with an extreme erroneous value would af-
fect the outcome of this aggregation mechanism significantly.

Average Aggregation

The average aggregation mechanism (see Figure 1d) is iden-
tical to the information provided by the single source mech-
anism, except that the values are averages across multiple
sources. It reduces multiple values into a single, easy to in-
terpret value. The mechanism therefore keeps the simplicity
of a single source forecast, but at the same time contains in-
formation from multiple sources. In our case, the average is
computed by equally weighting the sources, but it could also
be computed as a weighted average based on the accuracy or
on the uncertainty spans of the forecast providers, if available.
When an average is used, this has to be communicated very
clearly to users as it may otherwise be interpreted as a single
forecast, as these two mechanism are indistinguishable with-
out additional information. Although average aggregation is
simple, users do not have the possibility to make an informed
decision on their own as the data is aggregated into a single
value, which may give them a feeling of loosing control.

RESEARCH QUESTIONS

Our main goal is to understand the influence of aggregated
forecasts on people. We broke this goal down into five con-
crete research questions (RQ1 to RQS5), each with one asso-
ciated hypothesis regarding what we expect to find.

RQI: Does the aggregation of multiple forecasts change the
users’ confidence in uncertain data? We assume that aggre-
gation increases users’ confidence in uncertain data. Espe-
cially for weather forecasts, where model uncertainty is sel-
dom presented to the public, users are able to get a better
understanding for their uncertainty by comparing them. This
leads to Hi: People are more confident regarding aggregated
forecasts than single source forecasts.

RQ2: Do people prefer aggregated forecasts to single source
forecasts? We assume that people generally prefer forecasts
with aggregation as aggregation adds more information and
lets them do a more informed decision. Also weather appli-
cations that recently entered the market support aggregation.
This leads to H2: People prefer aggregated forecasts to single
source forecasts.

RQ3: Do people prefer different aggregation mechanisms
(manual vs. computational aggregation) according to the im-
portance of a scenario? Aggregation mechanisms can pro-
vide a different amount of data. Either the computer can ag-
gregate the data in a meaningful way or the computer can help
the user to aggregate the data in a meaningful way. The latter
induces a higher mental workload. We assume that whether
users prefer full computational aggregation or rather would
like to aggregate the data themselves depends on the impor-
tance of a scenario and on context. This leads to H3: People
prefer manual aggregation for important events because this
gives them a feeling of control.
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RQ4: Do people prefer different aggregation mechanisms de-
pending on the type of visual or textual representation? Ag-
gregated forecasts can be shown with a multitude of visual
and textual representations. These representations may have
certain criteria which make them more suitable for a specific
aggregation mechanism. This leads to H4: People prefer dif-
ferent aggregation mechanisms depending on the type of vi-
sual or textual representation.

RQ5: Can the theoretical findings be transferred to real world
application usage? We want to transfer the theoretical finding
to a real world application to better understand whether our
hypotheses do also apply in real world usage.

EXPERIMENT 1: ONLINE SURVEY
We evaluated the three aggregation mechanisms and the sin-
gle source baseline by conducting an online survey.

Design

We used a 4 x 4 x 3 within-subject design with three indepen-
dent variables: Aggregation mechanism (with the four levels
single source, direct comparison, range, average), representa-
tion (with the four levels text, pictogram, bar, line), and sce-
nario (with the three levels daily dress code, outdoor BBQ
party, outdoor wedding). For each combination of aggre-
gation mechanism and representation, we measured partici-
pants’ general confidence and their preference regarding all
scenarios using a 7-point Likert item.

We decided to focus on the three most reported weather prop-
erties: temperature, chance of rain, and rain amount.

Representations

Since weather providers use different representations for
weather forecasts, we included multiple representations in
our survey. To identify suitable representations, we looked at
existing weather applications, which mainly use pictograms
with numbers or line graphs. We additionally introduced bar
graphs and a textual representation to cover a span of differ-
ent representations. Although the uncertainty in our study is
not stochastic, but instead stems from the divergence of in-
formation from different sources, we treat it as model uncer-
tainty. For the bar charts and line charts we use the ambigua-
tion methods developed by Olston et al. [26] to show a range
aggregation.

All representations show the following information: the loca-
tion of the weather station, a pictogram of the current weather
(e.g., a sun for sunshine) and numeric values for the weather
properties temperature (current temperature as well as pre-
dicted daily minimum and maximum), chance of rain, and
amount of rain. The pictogram representation (see Figure 3a)
is dominated by a large pictogram of the current weather (e.g.,
a sun or a cloud). Other weather properties are presented
numerically. The bar representation (see Figure 3b) shows
(partially) filled bars with adjacent numeric values. The line
representation (see Figure 3c) shows a line chart for each of
the weather properties and a line to indicate the current hour
of the day. The text representation (see Figure 3d) reports
the weather verbally, with the numeric values for different
weather properties emphasized by using colored font.
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Figure 3. Exemplary sketches for the representation methods used in the online survey displaying a single source or average aggregation forecast.

Scenarios

To obtain scenarios for our study, we assembled a list of 12
scenarios, in which weather conditions may influence peo-
ple’s behavior: (1) What to wear when going to work, (2)
Whether to take the train or bike to work, (3) Outdoor soc-
cer viewing event with friends, (4) Camping trip, (5) Outdoor
wedding, (6) Packing for a trip, (7) You are going to do out-
door sports (e.g., swimming, hiking), (8) Planning an outdoor
barbecue party, (9) Harvest as farmer, (10) Garden work, (11)
Whale watch, (12) Attending outdoor concert.

We perceived the time of the event as an important factor as
people know that the accuracy of weather forecasts decreases
with time. In order to eliminate the time factor from our sce-
narios, we decided to address all of them as being “tomor-

t1)

row .

In a short hallway questionnaire, we asked 15 people to de-
cide whether a scenario was casual important, somewhat im-
portant, or very important for them. From the answers of
participants, we selected three scenarios of varying impor-
tance were most participants agreed on the importance. This
resulted in the scenario with the least importance (10 par-
ticipants chose “casual important”), one with medium im-
portance (11 participants chose “somewhat important”) and
the one with the highest importance (13 participants chose
“very important”): (1) Daily Dress Choice: You are going
to work/school tomorrow morning on a regular day and you
need to decide what to wear., (2) Outdoor BBQ Party: You
are planning a BBQ party for tomorrow and you want to know
whether the weather will be good for having a party outdoors.,
(3) Outdoor Wedding: You have your wedding tomorrow and
it is an outdoor wedding. You need to decide whether you
should make changes in the organization (like arranging a
tent, or moving the wedding indoors).

With this range of scenarios, we made sure to expose partici-
pants to scenarios with a varying amount of importance.

832

Participants

In total, 71 participants (37 male, 33 female) between an age
of 19 and 77 years (M = 24.8,S D = 7.0) completed our on-
line survey. We recruited them via social networks and our
University mailing list. The majority of the participants had
either a completed high school diploma (26.8%) or a com-
pleted university degree (59.1%). As compensation, partici-
pants had the possibility to be part of a raffle of two vouchers
worth 20€.

Most of our participants (70.4%) stated that they consult the
weather forecast multiple times a week. Further, participants
reported that they use the weather forecast more or less fre-
quently depending on the season (“Especially in summer be-
cause the weather changes very often.”), events (“I always
check it before going to swim outside, and a barbecue, or a
festival (everything outside where it could be fatal to wear
the wrong clothes or the event is not appropriate for rainy
weather).”), travel plans, location (“It usually depends if I am
going somewhere where the weather patterns are unfamiliar
to me.”), and specific weather conditions (“Especially when
the weather doesn’t seem to be stable.”).

The majority (52.1%) of our participants reported using more
than two weather providers regularly (M = 1.68,5 D = 0.92).
They picked their weather providers due to the perceived re-
liability and accuracy, usability, fast and easy access, and
amount of information. Several participants stated that they
discontinued using weather sources before either because
they were inaccurate or not easily available. Participants re-
ported to compare sources for several reasons: to find out
whether the sources provided consistent information (“If 1
really need to know the weather I look at all of them to
see if they match.”), to compute the average (“I find they
never agree with one another so I always try to find multiple
sources and average them out (informally).”), or estimate the
worst possible scenario (“I usually estimate the worst possi-
ble weather for a given scenario and prepare accordingly.”).
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Tasks

The online survey comprised the evaluation of sketches of
several potential interfaces. Each sketch depicted the com-
bination of one representation with one aggregation mech-
anism. Therefore, the total number of tasks was 16: four
aggregation mechanisms x four representations. For each
sketch, participants first rated their confidence in the depicted
weather forecast on a 7-point Likert-type item (“I feel con-
fident that this will be the tomorrow’s weather”) ranging
from completely disagree to completely agree. Participants
were aware that the depicted weather forecast was hypothet-
ical, i.e., it did not veridically display the weather of the
next day. Subsequently, participants rated their preference for
the sketch on three 7-point Likert-type items, each for using
the depicted interface in one of the three possible scenarios
(e.g., “Iwould like to use this representation for the scenario:
Daily Dress Choice”). For every task, we additionally gave
participants the possibility to provide qualitative feedback in
the form of a text field.

Procedure

Participants began the survey by filling in their demographic
information and relation to weather forecasts. They then nav-
igated through four pages (one per representation). The order
of presentation of the four representations was randomized
across participants. On each of the pages, participants re-
ceived an explanation of the representation, all aggregation
mechanisms and the scenarios. Additionally, they completed
the four tasks for the shown representation. At the end, par-
ticipants who wanted to be part of the voucher raffle could
enter their email address.

Results

We performed two linear mixed-effects model analyses on
the aligned-rank transformed Likert item data [40], one for
participants preference ratings and one for participants con-
fidence ratings. In the first analysis, we added the fixed fac-
tors aggregation method, representation, and scenario as well
as the random factor participant. In the second analysis, we
added the fixed factors aggregation method and representa-
tion as well as the random factor participant. Significant ef-
fects were further explored using post hoc pair-wise compar-
isons with Bonferroni corrections. Only significant effects of
interest are reported.

Aggregation method
Range received the highest mean rating (M = 4.85,SD =
1.73), followed by direct (M = 4.51,SD = 1.9), mean

(M =4.22,SD = 1.82), and single (M = 4.13,SD = 1.72).
Figure 4a shows participants overall preference ratings for
each of the four aggregation methods as a function of the
representation method (error bars represent standard errors
of the mean). The mixed-effects analysis revealed a main
effect of aggregation method on participants preference rat-
ings (F(3,3290) = 37.78,p < 0.001). Pair-wise compar-
isons showed that participants preferred range over the other
three methods (range vs. direct: #3290) = 5.55,p < 0.001;
range vs. mean: #(3290) = 7.69, p < 0.001; range vs. sin-
gle: 1(3290) = 10.21, p < 0.001), as well as direct over single
(direct vs. single: #3290) = 4.66, p < 0.001).
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Figure 4. Participants’ mean preference and confidence ratings (mea-
sured on a 7-point Likert-type item with 1 corresponding to completely
disagree and 7 corresponding to completely agree); error bars represent
standard errors of the mean. Figure 4c¢ depicts centered mean ratings,
i.e., the main effect of scenario has been removed to improve the percep-
tibility of the interaction effect.
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Figure 4b shows participants mean confidence ratings for
each of the four aggregation methods as a function of the
different representations (error bars represent standard errors
of the mean). Mean ratings were highest for range (M =
5.34,S D = 1.46), followed by direct (M = 4.9,SD = 1.75),
mean (M = 4.83,SD = 1.6), and single (M = 4.79,SD =
1.5). The linear mixed effects analysis revealed a main ef-
fect of aggregation method on participants confidence ratings
(F(3,1050) = 13.5, p < 0.001). In particular, pair-wise com-
parisons showed that participants indicated higher confidence
in range compared to the other three methods (range vs. di-
rect: #(1050) = 3.48, p < 0.01; range vs. mean: #(1050) =
4.85, p < 0.001; range vs. single: #(1050) = 6.0, p < 0.001).

These results provide support for our hypothesis H2 that peo-
ple generally prefer to receive more rather than less infor-
mation with regards to the weather (i.e., they prefer aggre-
gated presentations over single source presentations) and for
hypothesis H1 that they place higher confidence in aggregated
data, specifically in the form of aggregation into a range.

Representations

Line received the highest mean preference rating (M

4.73,SD = 1.67), followed by pictogram (M = 4.7,SD
1.73), bar (M 442,8SD 1.81), and text (M

4.28,SD = 1.88). The mixed-effects analysis revealed
main effect of representation on participants preference rank-
ings (F(3,3290) = 16.48,p < 0.001). Pair-wise compar-
isons indicated that participants preferred line and pictogram
over bar and text (line vs. bar: #(3290) = 4.17,p < 0.001;
line vs. text: #(3290) = 5.92,p < 0.001; pictogram vs.
bar: #3290) = 3.682,p < 0.001; pictogram vs. text:
1(3290) = 5.436, p < 0.001).

o

Mean confidence ratings were highest for pictogram (M =
5.17,8 D = 1.53), followed by line (M = 5.09,SD = 1.49),
text (M = 4.83,SD = 1.67), and bar (M = 4.7,SD = 1.69).
The linear mixed effects analysis revealed a main effect of
representation (F(3,1050) = 7.27,p < 0.001). Pair-wise
comparisons showed that pictogram received higher confi-
dence ratings than bar (#(1050) = 4.08, p < 0.001) and text
(#(1050) = 3.8, p < 0.001).

In sum, our results indicate that participants preferred the rep-
resentations line and pictogram. The latter also receives a
confidence bonus.

Interactions

Of the three possible two-way interactions and the one three-
way interaction between the three factors in the three-way
analysis of preference ratings, only the interaction between
aggregation method and scenario is significant (F(6,3290) =
11.71, p < 0.001). Figure 4c shows the mean preferences for
each of the four aggregation methods as a function of the sce-
nario (error bars represent standard errors of the mean). For
illustration purposes, the data of each scenario was centered
on the scenario’s overall mean. This was done since prefer-
ence differences between the three scenarios are of no interest
to us (i.e., the main effect of scenario) and may mask trends
in preference ratings across the three scenarios.
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Contrast df x> p-value
Direct-Single BBQ-Daily 1 2247 <0.001
Range-Single BBQ-Daily 1 10.35 0.023
Direct-Single BBQ-Wedding 1 11.37 0.013
Direct-Mean Daily-Wedding 1 2524 < 0.001
Direct-Range Daily-Wedding 1 10.23 0.025
Direct-Single Daily-Wedding 1 65.81 < 0.001
Mean-Single Daily-Wedding 1 9.54 0.036
Range-Single Daily-Wedding 1 24.15 < 0.001

Table 1. Difference of the differences between two aggregation methods
across two scenarios (e.g., is the difference between Direct and Single
larger in the BBQ or in the Daily scenario).

As the figure illustrates, a main source of the interaction ef-
fect is the increase in the preference ratings for the direct ag-
gregation method as the importance of the scenario increases.
Five of nine pairwise comparisons involving the direct aggre-
gation method show significant differences of the difference
of participants preference ratings between the direct aggrega-
tion method and one of the other methods across two levels
of the factor scenario (e.g., for the daily scenario single pre-
sentation is preferred over the direct aggregation while the
situation is reversed for the wedding scenario; see Table 1 for
test statistics and p-values for all significant contrasts). This
partially confirms our hypothesis H3 that the willingness to
perform aggregation manually increases with the importance
of the scenario (though aggregation into a range remains the
overall preferred method).

A secondary source of interaction results from the stronger
decrease in preference of the single source as compared to
the other aggregation methods as importance of scenario in-
creases (e.g., the difference between single and range is larger
for the wedding scenario then for the daily scenario).

We find no interaction effect between aggregation method and
representation. In other words, there is not sufficient evidence
in favor of hypothesis H4 that users have different preferences
regarding the aggregation method, depending on which rep-
resentation is provided. Rather, users show an overall prefer-
ence for range.

Qualitative Feedback

We additionally collected some qualitative feedback about the
aggregation mechanisms. People mostly stated that the single
source (especially the pictogram representation) “seems like
enough information for daily dress choice, and it is a similar
representation to what [they] usually use. However, [they]
would like a more detailed forecast for event planning.”

As expected, participants preferred the direct comparison as
they felt able to make an informed decision: “I like having
control and letting me make the decisions. I am informed of
all possibilities, and it is up to me to come to a decision.”

Participants also positively expressed that they liked the range
aggregation: “I like this representation because it provides
almost as much information as the side-by-side comparison,
but is much easier to see and interpret. It seems more trust-
worthy because it provides a range rather than a single value
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for temperature and rainfall. This acts as a margin of error,
which means it is more likely to be correct.”

For the average aggregation, most participants stated that it
“does not represent the variation in forecasts between differ-
ent weather providers, and it also (probably) does not pro-
vide the exact values reported by any one provider [and it]
seems untrustworthy.” In contrast to this, one participants
also stated that he does not “see the different temperature and
so on, but [he] know[s] that it’s an average of some forecast
sources, that’s why [he] trust[s] the forecast.”

Discussion

The results of our survey show that participants generally pre-
ferred to receive information of multiple sources since single
source obtained the lowest ratings. The average aggregation
however did not receive significantly better ratings. Instead,
participants preferred range aggregation and direct compari-
son, which are the mechanisms that support an informed deci-
sion and provide at least some transparency on the individual
sources. This also illustrates that computational aggregation
does not necessarily increase trust significantly as it does not
provide any additional information beyond the single source.
The sheer knowledge of having multiple sources apparently
is not enough to increase confidence.

Regarding the representation, participants preferred the line
and the pictogram. We assume that they were preferred due to
being the standard representations in most common weather
applications.

We did not find any interaction effect between representations
and aggregation mechanisms. This indicates that users do not
exhibit differential preferences of for one or the other aggre-
gation method depending on the representation. This allowed
us to chose the aggregation and representation for the appli-
cation depending on users’ overall preferences. In general,
this also suggests that aggregation mechanisms are generally
preferred no matter what representations are used and that ag-
gregation mechanisms are not tied to specific representations.

The interaction effect between the aggregation mechanism
and the scenario shows that with increasing importance of
the scenario, users exhibit a slight increase in preference for
range and a large increase in preference for direct compari-
son, while the preference for single source drops below all
aggregation mechanisms. This indicates that people prefer
more control over decisions in important scenarios. Interest-
ingly, this also applies for the range aggregation, which ap-
parently provides enough details to give users this feeling of
control.

EXPERIMENT 2: “WEATHER COMPARE” APPLICATION
Based on the results of the online survey, we developed the
weather application “Weather Compare”, which we evaluated
in an in-the-wild study.

Apparatus

We developed an Android application named “Weather Com-
pare” to further evaluate the most promising aggregation
mechanisms. Based on the results of the online survey we
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decided to implement the pictogram representation. The on-
line survey did not reveal a significant difference to the line
representation for preference, however the pictogram repre-
sentation received a confidence bonus and better ratings for
the most promising aggregation mechanisms. To improve the
representation, we added hourly information, which partici-
pants had stated to be important in their comments.

For the aggregation mechanisms, we decided to implement
the range aggregation and the direct comparison as these two
were preferred in the online survey. Users of the application
are able to toggle between the two aggregation methods on
demand. The range aggregation is the default view of the
application. By tapping the details button, a user can switch
to the details view for direct comparison.

We looked at existing weather APIs to identify those that ful-
fill the following requirements: (1) Hourly weather data for
72 hours, (2) Temperature, chance of rain, amount of rain, and
pictogram included, (3) Reasonable number of API calls per
day, (4) Free to use for non-commercial/research purposes.
We only found two APIs that fulfilled all requirements: Apixu
2 and Wunderground 3. We picked Forecast.io # as a third API
although it only included weather data for the next 48 hours.
As all our scenarios were directed at the next day, 48 hours
seemed to be enough.

The application required users to turn on their location data
as it would automatically fetch the location of the user and
show the corresponding weather. For the final design of the
application, we built upon the layout of the existing sketches
used in the survey. We added the hourly information as ver-
tical scroll bar at the bottom of the screen and polished the
application to make it look professional.

Participants

23 participants (12 male, 10 female, 1 preferred not to say)
between the age of 19 and 57 (M = 30.0,SD = 11.3) in-
stalled the application and participated in the study. All par-
ticipants were regular users of weather applications and did
use the application in everyday life. We invited them by shar-
ing the news about the application on the social media chan-
nels and the e-mail list of the University.

Procedure

We sent all participants a detailed explanation of how the
application works and an apk file to install the applica-
tion on their phone. We then asked them to use the appli-
cation instead of their normal weather application for the
course of at least one week. Afterwards, participants filled
in an online questionnaire with free text questions. The free
text questions asked for the following feedback: (1) Advan-
tages/Disadvantages compared to the application normally
used, (2) Feature requests, (3) Future usage of “Weather
Compare”, (4) Opinion about having data from multiple
sources, (5) Usage of range vs. details view, (6) Potential
change in confidence due to the aggregation.

2Apixu: http://www.apixu.com/

3Wunderground: https://www.wunderground.com/weather/
api

4Forecast.io https: //darksky .net/dev/
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Results

During the week of the user study, participants opened the
application on average 17.95 (+/ — 5.72) times. The details
view, which corresponds to our manual aggregation condition
in Experiment 1, was used on average 6.14 (+/ —2.69) times,
i.e., in approximately one-third of cases.

In the following, we present the qualitative feedback of par-
ticipants regarding general feedback about the application
and the aggregation.

General Feedback about the Application

We collected general feedback such as differences to the ap-
plications normally used and feature requests on the first page
of the questionnaire.

Advantages/Disadvantages compared to the application
normally used. Participants mainly stated that the differ-
ences between “Weather Compare” and the application they
normally use are the GPS location feature and the hourly
forecasts. Other participants mentioned that they see a dis-
advantages in the small range of the forecast (only 48 hours)
and that there was no wind forecast. On the positive side,
eight participants liked the range representation with multiple
sources. One participant also positively mentioned the hourly
forecast, and another participant found the forecast very reli-
able and accurate.

Feature requests. Function and feature requests mainly cov-
ered the disadvantages and suggestions for including well-
known features from other applications. Additionally, one
participant asked to be able to choose sources and one par-
ticipant suggested to show a range for the lowest and highest
temperature.
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Future usage of “Weather Compare”. Besides three partic-
ipants, who would like to prefer using their normal applica-
tion in the future, all participants stated that they would like
to use “Weather Compare” in the future if the experienced
issues would be fixed.

Specific Feedback about the Aggregation

We collected more specific feedback about the aggregation
mechanisms and data from multiple sources on the second
page of the questionnaire.

Opinion about having data from multiple sources. 14
participants explicitly stated that having data from multiple
sources “is the main thing that [they] liked about the app”.
The aggregation helped them to better judge the forecast: “/
liked it because since this is a forecast, one provider is not re-
ally reliable but when you see that 3 different providers agree
on something, it is more convincing.” Only one participant
did not appreciate the aggregation and stated “that the cog-
nitive load is too high when making the effort and actually
comparing the values in contrast to just looking at a yellow
sun or grey cloud.”

Usage of range aggregation vs. direct comparison. Six
participants stated that they “always used the range repre-
sentation and used the detailed view only out of curiosity.”
In contrast, three participants only used the details view. As
one participant explained: “I usually used the details view ev-
eryday, because normally I would check at least 2 different
sources to be sure about the weather, thus, I would like to
know what each source says rather than seeing an average of
them.” One participant regularly used both views. Six other
participant stated that they used the details view if “the range
of values [was] too wide, I checked the details page.” or “be-
fore I spent a longer time outside”.

Influence of aggregation on confidence. 12 participants
stated that the application increased their confidence as they
felt that the forecast was more detailed and having multiple
sources made them trust the forecast more. Only one partic-
ipant stated that “the range was typical only 2-3 degrees, in
which case it does not influence [his] decision in any way.”
One participant did not think that having forecasts from mul-
tiple sources increased her confidence, “because when they
differ [she] kind of feel[s] like [she] lose[s] trust in all of
them.”

Discussion

With the help of the qualitative feedback, we were able to
identify the biggest disadvantages that people experienced.
First, the weather APIs provided a limited amount of infor-
mation that we were able to access and show in the appli-
cation. Second, participants missed a certain feature (e.g.,
typing in a location) or a certain information (e.g., wind fore-
cast) that they were used to from former usage. We assume
that these problems could be solved by providing more fea-
tures and specific settings allowing users to individualize the
application.

Although for most participants, it was not important which
APIs we used, one participants wanted to choose the sources
to be shown in the application. Increasing transparency by
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providing more sources and additional information on what
exact data the APIs provide could help users to understand the
prerequisites of the weather providers. By choosing a number
of providers, they would be able to specify the requirements
for the weather forecast on their own (e.g., time of forecast
period, additional wind forecast).

Surprisingly, some participants exclusively used the range or
the detailed view. From our online survey, we mainly ex-
pected participants to use the range aggregation for every-
day usage and the detailed view for important events as six
participants reported. We assume that although all our par-
ticipant beforehand stated to use weather forecasts everyday,
the weather forecast generally was of different importance
to them. Participants that only used the range view appar-
ently had no strong interest in weather forecasts in general
while participants that only used the detailed view enjoyed
to have the details to be more confident about the forecast.
These three participants in general commented highly posi-
tively about the application, which shows that they liked using
the application as it reduced the time they need for comparing
forecasts.

In line with these findings, the majority of participants stated
that the aggregation of forecasts from different sources in-
creased their confidence in the forecast and that they would
like to continue using this type of service. Interestingly, one
participant mentioned that seeing how the forecasts disagree
rather makes her lose trust in the forecasts. It seems that
although research suggests otherwise, some people are not
aware of the uncertainty in weather forecasts or perceive it to
be lower than the actual difference between different weather
providers. It would be interesting to investigate whether
this opinion changes after using the application long-term or
when switching back to the weather application used before
the study (as this is now maybe also perceived to be more
uncertain).

IMPLICATIONS FOR DESIGN AND FUTURE WORK

Based on the results of our online survey and the in-the-wild
study, we identified five implications for future work on de-
signing for comparison of uncertain data. These implications
do not only apply for weather-related purposes and could help
to inform the design of interactive systems in other applica-
tion areas, for example for arrival time prediction or health
predictions.

Support contexts with different importance

Applications should support range aggregation and direct
comparison to adapt to contexts with different importance.
Although people like aggregated data, experiment 1 showed
that users still want to make an informed decision on their
own judgment if something is important for them.

Support perception at a glance

For applications such as weather applications, it is crucial to
support an aggregation mechanism in combination with a rep-
resentation that can be perceived at a glance. In experiment
2, users expressed that they do not want to spend too much
time with the application in everyday use or even felt that the
cognitive load was too high.
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Support different types of users

Applications should make switching between aggregation
mechanisms easy and give people the choice for what they
want to have as standard view. Experiment 2 showed that
people have different tolerances for giving control to an ap-
plication and prefer different aggregation mechanisms as their
standard. They may even only use one mechanism.

Give opportunities for choice

Applications should offer users a list of many providers to
choose a default number of sources (e.g., 3) to be displayed.
This increases the feeling of control as users have a choice to
make their own decision on which providers they want to rely
on. In experiment 2, users stated that they would like to have
a choice or include their current source.

Establish transparency

In experiment 2, users requested a longer range of the forecast
and specific information (e.g., wind forecast). By providing
details on what data the original sources provide and how this
data is aggregated in the application, users would better un-
derstand the requirements of the application. In combination
with giving users the opportunity to select their sources, users
can fulfill their specific requirements by only picking match-
ing sources.

CONCLUSION

In this paper, we identified and evaluated aggregation mech-
anisms for uncertain data from multiple sources using an on-
line survey and an in-the-wild study. As uncertainty is dif-
ficult to quantify and often not communicated at all, users
compare multiple sources as a workaround to assess the un-
certainty. We demonstrated that interactive applications can
help to make comparison easier and less cumbersome.

Our results show that aggregation of uncertain data is gen-
erally preferred and increases users’ confidence, independent
of the type of representation used for the data. Computation-
ally aggregated forecasts are more suited for everyday events
while manual aggregation is preferred for high-stakes events.
Nevertheless, certain types of users prefer to always use one
or the other aggregation mechanism based on the personal
importance of the topic *weather’. To satisfy all users’ needs,
both computational and manual aggregation should be sup-
ported. Additionally, computationally aggregated data has to
be easily comprehensible. Lastly, transparency of the origin
of the data (for example the name of the sources) and choice
of sources is an important factor of success.

In future work, these mechanisms could also be applied to
non-weather related purposes as for example arrival time pre-
dictions, health predictions, or contradicting sensor measure-
ments. We also plan to study the long-term usage behavior
of such mechanisms and the influence of long-term usage on
users’ confidence.
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