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ABSTRACT

Time series forecasts are always associated with uncertainty. However, experimental studies on the impact of uncertainty com-

munication provide inconclusive results on the effect of providing this uncertainty to end users. In this study, we examine the

impact of uncertainty visualizations on advice utilization in the context of time series forecasts with line charts. Based on a liter-

ature review, we identified probabilistic framing versus frequency framing as a theoretical foundation for studying the topic. We

then used the Judge Advisor System (JAS) as a framework to create an experimental design with two treatments (95% prediction

interval [PI] and ensemble plots), one control group (point plot), and various mediating variables (e.g., confidence, graph literacy,

and domain knowledge). The results of an online experiment (N = 239) indicate a U-shaped relation between uncertainty visu-

alization and forecasting performance. Additionally, we examine how confidence, advice utilization, and other factors mediate
the effect of uncertainty visualizations. This paper highlights the benefits of PI plots for researchers and practitioners engaged in
the development of effective uncertainty visualizations for decision-making processes.

1 | Introduction

Whether tracking the development of a pandemic or predicting
stock market developments, time series forecasts are ubiquitous.
Such forecasts are inherently uncertain, particularly when the
prediction horizon is long. Incorporating uncertainty improves
forecasting performance in multiple scenarios (e.g., Cepni,
Guney, and Swanson 2020; Liang et al. 2021). Thus, from a nor-
mative perspective, uncertainty should be made transparent to
users (van der Bles et al. 2020) and incorporated into decision-
making processes (Tannert, Elvers, and Jandrig 2007).

However, humans frequently employ simplifying heuristics,
rather than a rational process that weighs all available informa-
tion (Kahneman 2011). One illustrative example is the salience

bias, whereby individuals tend to give greater weight to promi-
nent visualization properties, such as colors or dynamics, relative
to other properties (Taylor 1982). This can result in decision-
makers failing to consider crucial uncertainty information, fre-
quently represented by less salient properties such as shading.

The existing literature reports mixed results regarding the im-
pact of uncertainty visualizations on human decision-making.
On the one hand, incorporating information about uncer-
tainty into probability distribution forecasts, such as weather
forecasts, leads to more transparency (e.g., Padilla, Kay, and
Hullman 2022). On the other hand, individuals often misin-
terpret uncertainty information. For instance, they may erro-
neously assume that uncertainty information is deterministic
rather than probabilistic (Joslyn and Savelli 2021).
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One potential explanation for these inconclusive findings is that
researchers have employed a multitude of experimental designs
to study the phenomenon. For instance, some studies have fo-
cused on trust or confidence as dependent variables (e.g., Padilla
et al. 2022), while others have used advice utilization (e.g.,
McGrath et al. 2023) or forecasting performance (e.g., Hoekstra
et al. 2014). Furthermore, the results of existing experiments are
inconsistent, with some studies reporting a positive effect (e.g.,
Fernandes et al. 2018), while others found that uncertainty vi-
sualizations can confuse participants (e.g., Zhou et al. 2017). A
more systematic approach is necessary to analyze the problem
domain effectively. Therefore, we aim to explore the following
research questions:

1. Do uncertainty visualizations affect the forecasting perfor-
mance of users for algorithmic time series forecasts?

2. Does this effect depend on users' confidence and algorith-
mic advice utilization?

We conducted an online experiment using the Judge Advisor
System (JAS) to investigate our research questions. The JAS is a
standard approach for studying advice-taking in psychological
behavioral research (Bonaccio and Dalal 2006). It has been effec-
tive in other research domains, such as algorithm aversion (e.g.,
Prahl and Swol 2017; Logg et al. 2019). The JAS provides Weight of
Advice (WOA) as a dependent variable and a standardized experi-
mental procedure (see Bonaccio and Dalal 2006).

In our experiment, participants were asked to forecast the num-
ber of hospitalizations due to COVID-19 over a period of three
weeks by manually forecasting the trajectory of a historical
time series. We presented 239 participants with several time se-
ries of the number of occupied hospital beds due to COVID-19.
Subsequently, we provided them with advice in the form of an
algorithmic forecast. The control group received advice without
uncertainty information, while the two experimental groups re-
ceived advice with different types of uncertainty visualizations,
namely, a 95% prediction interval (PI) plot and an ensemble plot.
Participants were then given the option to adjust their initial
prediction. We computed a structural equation modeling (SEM)
to estimate the correlative relations of major variables studied in
the existing literature on uncertainty visualization and algorith-
mic advice-taking.
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FIGURE1 | Factors influencing the forecasting process.
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PI plots (medium perceived uncertainty) were the best choice
compared to both point plots (low perceived uncertainty) and
ensemble plots (high perceived uncertainty). Thus, our results
imply an inverted U-shaped relation between uncertainty vi-
sualizations and confidence in the algorithm. In addition, our
findings indicate that both confidence and advice utilization
mediate the impact of uncertainty visualizations on forecasting
performance.

Our research is among the few papers exploring uncertainty
visualization in time series forecasting. In addition, this study
introduces the JAS framework and SEM to uncertainty visu-
alizations in time series analysis using line charts. Instead of
examining variables separately, we conducted a mediation
analysis to reveal how variables such as confidence and advice
utilization mediate the effect of uncertainty visualizations on
forecasting performance. Based on our results, practitioners
should use PI uncertainty visualizations, if their goal is to max-
imize confidence in algorithms, advice utilization from them,
and performance in collaboration with them in forecasting
under uncertainty.

2 | Related Work

This section presents a summary of our literature review on dif-
ferent uncertainty visualization formats. More specifically, this
paper studies three types of uncertainty visualization: probabi-
listic framing, frequency framing, and visualizations without
explicit uncertainty information. Figure 1 provides a concep-
tual overview of how these uncertainty visualizations impact
confidence, advice utilization, and forecasting performance.
Most prior studies use these constructs as dependent variables.
Table 1 presents an overview of the related work, which we will
discuss in depth in the following subsections.

2.1 | Probabilistic Framing

Probabilistic uncertainty visualizations, such as PI plots, are
among the most commonly utilized uncertainty representa-
tions. PI plots have gained increasing popularity in both media
and research. For instance, 60% of COVID-19 visualizations
with line charts included a PI (Zhang, Sun, and Padilla 2021).

A A
s o Forecasting
l Advice Utilization ’ Performance
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TABLE1 | Related work.

Probabilistic =~ Frequency No
Study Context Participants format format uncertainty DV
Belia et al. (2005) None 473 v v FP
Fernandes et al. (2018) Logistics 408 v v v AU
Greis et al. (2016) Weather 38 v v AU
Grounds, Joslyn, and Otsuka Weather 644; 388 v v AU
(2017)
Hoekstra et al. (2014) None 560 v FP
Ibrekk and Morgan (1987) Weather 45 v FP
Joslyn, Nemec, and Savelli (2013) Weather 302; 312 v v C; AU
Kale, Kay, and Hullman (2021) Sports 622 v v v AU
Karduni et al. (2021) Health 92;212; 267 v v v AU
Kim et al. (2019) Health 50; 800; 300 v v v AU
Leffrang and Miiller (2021) Health 84 v v v AU
Liu et al. (2017) Weather 201 v C; FP
McGrath et al. (2023) Rent 95 v v AU
Padilla, Ruginski, and Creem- Weather 182; 43 v v AU
Regehr (2017)
Padilla et al. (2022) Health 200; 299; 800 v v v C; FP
Padilla et al. (2022) Health 1200; 675; 675 v v v AU
Ruginski et al. (2016) Weather 200 v v v FP
Tak, Toet, and Van Erp (2014) Geology 140; 24 v v AU
Toet et al. (2019) Health 64 v v FP
Zhou et al. (2017) Maintenance 42 v v C

Abbreviations: AU, advice utilization; C, confidence; DV, dependent variable; FP, forecasting performance.

Several studies have demonstrated that the provision of proba-
bilistic uncertainty information has a positive effect on human
judgment and decision-making. For example, when forecasting
time-constant rental prices, participants were more likely to uti-
lize advice when they observed the uncertainty distribution of
the advice (McGrath et al. 2023). In the context of COVID-19, PI
plots increased advice utilization compared to other visualizations
when forecasting hospitalization rates (Leffrang and Miiller 2021).
Displaying probabilistic uncertainty information increased the
willingness to use advice for a spatial weather-related task com-
pared to no uncertainty being visualized (Joslyn, Nemec, and
Savelli 2013). Finally, in a web-based agricultural game, partici-
pants demonstrated a subjective preference for PI plots over other
uncertainty representations (Greis et al. 2016).

Nevertheless, while probabilistic uncertainty visualizations,
such as PI plots, can be beneficial, there is also evidence that
people may misinterpret this information. A common mis-
take is the tendency of individuals to perceive values within
an uncertainty interval as accurate and values outside of it
as erroneous (Correll and Gleicher 2014). They incorrectly
perceive interval boundaries as partitions of the probabilistic

space into categorically different areas of true and false val-
ues (Padilla et al. 2018), concluding that closed areas contain
points of the same probability (Ibrekk and Morgan 1987).
Surprisingly, this issue is not exclusive to those lacking sta-
tistical expertise. Even those with statistical training may err
in their interpretation of predictive intervals (Hoekstra et al.
2014; Belia et al. 2005).

2.2 | Frequency Framing

Frequency-based visualizations like ensemble plots represent
a distinct form of visual uncertainty. They are generated by
varying the input parameters of a forecasting model and com-
bining different predicted future trajectories in a single visu-
alization (Liu et al. 2017; Stephenson and Doblas-Reyes 2000).
This approach differs from probabilistic interval visualiza-
tions, which are simpler by design. However, although en-
semble plots divert the attention through the benefit of more
information, the visual system can offset this drawback by
aggregating noisy local features and calculating summary sta-
tistics (Alvarez and Oliva 2008).
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The theoretical foundation of ensemble plots is rooted in the
frequency format hypothesis (Gigerenzer 1996) that posits that
individuals process and comprehend information more effec-
tively when presented in frequency rather than numerical or
probabilistic formats. This is because humans are more likely
to encounter frequencies than probabilities in their daily lives
(Gigerenzer 1996). Frequency-based visualizations like ensem-
ble plots can mitigate misconceptions about uncertainty inter-
vals, such as misinterpreting the PI of spatial hurricane path
forecasts as the magnitude of the storm (Ruginski et al. 2016).
In another study using spatial data, ensemble and interval plots
were both effective for most participants if the objective was to
achieve the greatest perceived certainty towards the center of
a range and decreasing probabilities towards the outer edges.
However, ensemble plots demonstrated the best fit for this goal
(Tak, Toet, and Van Erp 2014).

Empirical evidence also indicates that frequency format visu-
alizations lead to more advice utilization than other visual-
ization types. For instance, ensemble plots of incidence values
increased the perception of risk associated with COVID-19 com-
pared to probabilistic visualizations like PI plots and plots with-
out an explicit visualization of uncertainty (Padilla et al. 2022).
In another study, nonspecialist participants viewed various vi-
sualizations of children's growth distributions and estimated the
probability that a child would reach a certain height. Ensemble
plots achieved the smallest biases compared to probabilistic vi-
sualizations (Toet et al. 2019).

Empirical studies also found that individuals tend to associate
ensemble plots with more perceived uncertainty. When evaluat-
ing COVID-19 visualizations, participants rated their confidence
in PI plots higher than in ensemble plots. However, these partic-
ipants performed poorer when forecasting the anticipated shift
(e.g., rising, declining, remaining constant, or uncertain) in the
rate of COVID-19 fatalities over the upcoming fortnight (Padilla
et al. 2022). Interestingly, including an excessive number of lines
in ensemble plots did not enhance participants' forecasting abili-
ties but undermined their trust in the visualization (Padilla et al.
2022). In a sports study, participants demonstrated comparable
performance with probabilistic and frequency visualizations
under low variance. However, with high variance, probabilis-
tic displays were more effective in detecting differences in per-
formance distributions (Kale, Kay, and Hullman 2021). While
ensembles align perceptions of hurricane risk with actual risk,
ensemble plots can sometimes appear cluttered and disorga-
nized, colloquially known as “spaghetti plots”, which can hinder
accurately interpreting hurricane paths (Liu et al. 2017).

2.3 | Summary

Despite growing research on the impact of uncertainty vi-
sualizations on human decision-making, it remains unclear
whether they have a positive impact overall. In general, indi-
viduals typically do not incorporate all information given in a
task and often incorporate statistical information incorrectly
(Kim et al. 2019). For instance, researchers found that uncer-
tainty visualizations increased confidence for low cognitive
load tasks but decreased confidence for high cognitive load
tasks in the context of predictive maintenance (Zhou et al.

2017). In another study on predicting geospatial hurricane
courses, participants misinterpreted probabilistic boundar-
ies of PIs and overweighted individual lines of ensemble plots
(Padilla, Ruginski, and Creem-Regehr 2017). Consequently,
to account for the possibility that uncertainty visualizations
have no effect or even negative effects, researchers have ar-
gued for the inclusion of a “no uncertainty visualization”
condition (e.g., a point plot) in experimental studies on uncer-
tainty visualizations (see Hullman et al. 2019).

In conclusion, researchers have observed both positive and
negative effects of uncertainty visualizations with a focus on
spatial data, time-constant data, or specific dependent vari-
ables. The objective of this study is to investigate the effect of
uncertainty visualizations on different variables of the fore-
casting process in the context of time series forecasting with
line graphs. To this end, we employ a holistic design, integrat-
ing various dependent variables studied in prior experiments
and the pathways connecting them. Due to the inconclusive
results of previous studies, we chose not to preregister spe-
cific hypotheses. Instead, we opted for a more holistic and
exploratory investigation of the relations between different
variables.

3 | Experimental Design
3.1 | Research Model

The objective of our study was to investigate whether the expo-
sure to different uncertainty visualizations affects forecasting
performance for algorithmic time series forecasts and whether
this effect depends on the level of confidence and advice utiliza-
tion. To this end, we employed the JAS paradigm to assess the
extent to which individuals rely on advice from diverse sources
(Sniezek and Buckley 1995). In a typical JAS, a person acts as a
judge and makes a decision. Initially, the judge forms her own
opinion. Next, the judge can consult the opinion of another per-
son or algorithm representing the advisor. Finally, the judge
weighs the extent to which she follows the advisor's recommen-
dation (Bonaccio and Dalal 2006).

To study the effect of uncertainty visualizations on multi-
ple dependent variables, we use SEM. A SEM is a statistical
model representing the relations between multiple variables
in a complex system as a set of equations. SEM allows for the
simultaneous analysis of multiple relations among variables,
which can provide a more comprehensive understanding of
a system than traditional regression analysis. Graphically,
arrows connect the variables in the model to represent these
relations. SEM can be used to test hypotheses about causal
relations, estimate the strength and direction of these re-
lations, and evaluate the overall fit of the model to the data
(Hayes 2022).

Our research model is depicted in Figure 2. The treatment con-
sisted of three different visualizations of uncertainty, namely, a
95% PI as a representative of probabilistic framing, an ensemble
plot as a representative of frequency framing, and a line chart
only showing point plots without any uncertainty representa-
tion (control condition serving as the baseline).
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FIGURE 2 | Research model. Different lines were chosen for visual simplicity.

Confidence is a typical mediator variable in the JAS and can
refer to the confidence of the advisor or the judge (Bonaccio
and Dalal 2006). The operational definition of confidence is
an anticipation of the degree to which a judgment is correct
(Bonaccio and Dalal 2006). Prior studies found that people's self-
confidence influences the acceptance of algorithmic suggestions
more than confidence in the algorithmic advisor (Chong et al.
2022). Better information on the part of the judge or an aver-
sion towards algorithms may result in noncompliance with al-
gorithmic advice (Sun et al. 2021). Consequently, we measured
the confidence in both the algorithmic forecast and the judge's
pre-advice confidence.

We used the WOA variable to measure advice utilization, which
takes the value of 0 if the initial estimate remains unadjusted.
The greater the discrepancy between the final estimate and the
initial estimate, the higher the value of WOA. Consistent with
previous research, we applied Winsorization to all WOA values
that exceeded 1 (e.g., Logg et al. 2019).

WOA = |final forecast —initial forecast|
" |advisor's forecast — initial forecast|

@®

In addition, we statistically adjusted for several factors that
could influence the results, including domain knowledge, graph
literacy, confidence, task duration, and task sequence. Prior
experiments suggest that domain knowledge influences ad-
vice utilization from algorithms (Logg et al. 2019). Therefore,
we included the 13 COVID-19 knowledge questions of Azlan
et al. (2020). We coded all correct answers as 1 and all false
answers as 0. The sum of all answers indicated the domain
expertise of the participant. Graph literacy is the ability to
understand information presented graphically (Galesic and

Garcia-Retamero 2011). We used the short graph literacy (SGL)
scale to determine the graph literacy of participants (Okan et al.
2019). Task duration was centered and measured in seconds. It
controlled for effort in processing the tasks. We centered it and
included it to control for effort in processing the tasks. Task se-
quence controlled for fatigue.

Additionally, the negated mean absolute error (MAE) between
the actual values and the participants’ final forecasts measured
the forecasting performance. Given the three forecasts for
each task, we averaged the variables over the three forecasts.
It is important to note that the axis scaling can influence the
size of the estimated treatment effect (Hofman, Goldstein, and
Hullman 2020). Therefore, we kept the ordinate constant. We
standardized all variables by centering them to have a mean of
0 and scaling them to have a standard deviation of 1. This pro-
cedure allows for comparing coefficients between variables on
different scales (Hayes 2022).

3.2 | Task and Procedures

We used the Coronavirus (COVID-19) hospitalization rate for
different countries as the application context. The exact time pe-
riod and the country names were anonymized. The experiment
consisted of two steps:

1. Participantsviewed a graph thatshowed the daily COVID-19
hospitalization rates for each country over a period of 16
weeks. They made forecasts for the next 3 weeks, specifi-
cally for t + 7 (i.e., in 7 days), t + 14, and ¢t + 21. Figure 3
shows an annotated version of the first step, which we pro-
vided to ensure a basic understanding of time series charts.
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FIGURE4 | 95% PI, ensemble, and point plot for the forecast of COVID-19 hospitalizations.
The visualization interactively shifted the points represent-
ing the predictions.
2. We then provided participants with an algorithmic predic-
tion. Participants now had the opportunity to adjust their
initial forecast. o
Condition
Each participant repeated these steps for nine countries. We B PI
randomly shuffled the order of the countries and excluded each En'setmble
oin

participant's first round (warm-up trial) from the analysis. This
enabled participants to familiarize themselves with the user in-
terface and tasks.

3.3 | Conditions and Participants

Figure 4 illustrates examples of the three conditions. We used
Facebook's Prophet R package, which provides fully auto-
mated Bayesian additive models that can represent nonlinear
trends and seasonal effects, to generate the forecasts (Taylor
and Letham 2018). We selected a 95% PI plot for the probabi-
listic framing. Prophet employs Markov Chain Monte Carlo
(MCMC) simulations to generate samples from the posterior
distribution of the model parameters, from which the PI is
derived based on quantiles (Facebook 2024). We created en-
sembles by randomly selecting 20 forecasts from the MCMC
samples. The control group received a point plot represent-
ing no visual uncertainty. As a central line can influence

FIGURE 5 | Most perceived uncertainty for 95% PI, ensemble, and
point plot.

decision-making (Kale, Kay, and Hullman 2021), we included
a central line in all conditions.

We conducted a manipulation check with an additional sam-
ple of 100 participants from Prolific to assess whether the per-
ceived uncertainty actually differed between our conditions.
Participants had to choose the plot showing the most perceived
uncertainty. As illustrated in Figure 5, most participants associ-
ated ensemble plots with the highest perceived uncertainty, fol-
lowed by PI and point plots. Furthermore, we used an 11-point
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Likert scale to measure the perceived uncertainty. The ensemble
plot received the highest mean perceived uncertainty score of
6.070 (sd: 2.508), while the mean score for the 95% PI was 5.800
(sd: 2.314). The point condition received the lowest mean per-
ceived uncertainty score of 5.610 (sd: 1.989).

Between February 24 and July 6, 2022, 272 Prolific participants
from the UK and the United States, balanced on gender, par-
ticipated in the between-subjects experiment. They received
£2.50 as compensation. We excluded participants with incom-
plete observations and those who were too fast (less than 90 s)
or slow (more than 2 standard deviations above the average).
Furthermore, we excluded observations for which the depen-
dent variable was not defined, that is, if participants had the
same initial forecast as the algorithm. A total of 239 participants
remained in the final data set.

4 | Results
4.1 | Model-Free Evidence

We collected a total of 1877 observations representing task-
participant combinations. Table 2 summarizes partici-
pants' key demographic and dependent variables (i.e., WOA
and MAE).

Figure 6 displays the distributions of the WOA and MAE by
condition. The PI plot condition (medium perceived uncer-
tainty) has a marginally higher median WOA value (0.188)
compared to the ensemble plot (high perceived uncertainty;
0.168) and a higher median WOA value compared to the point
plot (low perceived uncertainty; 0.081). Regarding the median
values for the MAE, the PI condition is associated with a mar-
ginally lower error (29.333) in comparison to the ensemble plot
(32.000) and the point plot (32.667). Therefore, the model-free

TABLE 2 | Overall summary statistics.

Mean
N WOA MAE Age Female (%)
239 0.278 39.279 37.610 47.774
1.00 ¥ STy - et
: o > .
0.75- > . | -
< 2 A o
Q050 i [
0.25- | st Tg st X
‘ Te
s 5 { $ ‘:_..
0.00- -
Point Pl Ensemble
Condition

MAE

results indicate that the PI condition is associated with mar-
ginally higher advice utilization and marginally higher fore-
casting performance.

On average, the MAE between the algorithmic predictions and
the ground truth values (23.700) is 53% lower than the MAE be-
tween the participants’ initial predictions and the ground truth
values (50.800). This indicates that the algorithmic forecasts are
superior to the initial human forecasts and suggests that adher-
ing to the model's advice should increase the overall forecasting
performance. The MAE of the participants’ final predictions
(36.920) is 27% lower on average than the MAE of their initial
predictions (50.800). This suggests that the participants bene-
fited from utilizing the algorithmic advice.

4.2 | Estimation Results

Table 3 provides a comprehensive summary of the results. We
employed clustered standard errors to account for correlated
errors due to the repeated measures within individuals.
Figure 7 illustrates the results of the SEM in an aggregated
way. Each black arrow represents a significant coefficient
from the mediation analysis. Gray arrows represent insignif-
icant paths.

4.2.1 | Confidence in Algorithmic Forecast

The PI condition is associated with increased confidence in the al-
gorithmic forecast by 0.192 standard deviations compared to the
no uncertainty condition (point plot). In contrast, the results reveal
no significant effect for the second condition, that is, the ensemble
plot (p > 0.1). None of the control variables is significantly associ-
ated with confidence in the algorithmic forecast (p > 0.1).

4.2.2 | Pre-Advice Confidence

Regarding pre-advice confidence, the results indicate a signif-
icant association of 0.129 standard deviations more confidence
per standard deviation of task duration (p < 0.05). For the other
control variables, the results show no significant relations.

100-  las

75-

50- [y
=
Zart
e

25+ | ok
Y, (.

Point PI Ensemble

Condition

FIGURE 6 | Boxplots for WOA and MAE by conditions. We limited the ordinate axis in the MAE plot to 100.

1241



TABLE 3 | Structural equation modeling (SEM) results.

Estimate Std. err. z-value P(>|z|)
Forecasting performance (-MAE) ~
PI —0.010 0.078 0.125 0.900
Ensemble 0.049 0.062 —0.787 0.431
Task sequence —0.005 0.009 0.559 0.576
COVID-19 knowledge 0.025 0.019 -1.325 0.185
Task duration 0.029 0.028 -1.043 0.297
Graph literacy 0.163 0.069 —2.403 0.016
WOA 0.163 0.020 -8.172 0.000
Confidence in algorithmic forecast 0.261 0.025 —-10.534 0.000
Pre-advice confidence -0.041 0.023 1.801 0.072
Advice utilization (WOA) ~
PI 0.117 0.095 1.236 0.216
Ensemble 0.088 0.101 0.871 0.384
Task sequence —0.005 0.009 —0.608 0.543
COVID-19 knowledge —-0.001 0.023 —0.042 0.966
Task duration 0.177 0.041 4.312 0.000
Graph literacy —0.058 0.061 —0.945 0.344
Confidence in algorithmic forecast 0.129 0.035 3.675 0.000
Pre-advice confidence —0.206 0.034 —-6.111 0.000
Confidence in algorithmic forecast ~
PI 0.192 0.112 1.718 0.086
Ensemble —0.035 0.114 —-0.311 0.756
Task sequence —0.002 0.010 —0.245 0.807
COVID-19 knowledge 0.031 0.026 1.184 0.236
Task duration 0.082 0.052 1.594 0.111
Graph literacy 0.044 0.070 0.618 0.536
Pre-advice confidence ~
Task sequence —0.000 0.008 —0.007 0.995
COVID-19 knowledge 0.028 0.027 1.043 0.297
Task duration 0.129 0.050 2.561 0.010
Graph literacy —0.083 0.087 -0.951 0.342
Intercepts:
MAE 0.431 0.231 1.866 0.062
WOA 0.040 0.253 0.157 0.875
Confidence in algorithmic forecast —0.395 0.282 —1.402 0.161
Pre-advice confidence -0.179 0.306 —0.585 0.558
Variances:
MAE 0.881 0.070 12.606 0.000
WOA 0.927 0.041 22.880 0.000
Confidence in algorithmic forecast 0.981 0.053 18.457 0.000
Pre-advice confidence 0.980 0.066 14.848 0.000
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FIGURE 7 | Structural equation modeling (SEM) results. Nonsignificant relations have been grayed out for visual simplicity. Coefficients are

scaled to changes in the standard deviations. Significance levels: * 90%, ** 95%, *** 99%.

4.2.3 | Advice Utilization (WOA)

Compared to the point plot, the analysis reveals no significant
difference in the direct association of the conditions PI plot or en-
semble plot with advice utilization (p > 0.1). However, our SEM
indicates that an increase in confidence in the algorithmic forecast
by one standard deviation is associated with an increase of 0.129
standard deviations in advice utilization (p < 0.01). Furthermore,
the results suggest a significant decline in advice utilization for
each standard deviation increase in pre-advice confidence (-0.206,
p < 0.01). Regarding our controls, the coefficient for the task dura-
tion indicates a significant increase in advice utilization (0.177, p <
0.01). Task sequence, COVID-19 knowledge, and graph literacy do
not yield significant coefficients in the results.

4.2.4 | Forecasting Performance ((MAE)

Once more, our estimation results do not suggest a significant
direct association between the treatments and forecasting per-
formance (p > 0.1). However, according to our model higher
confidence in the algorithmic forecast is associated with higher
forecasting performance (0.261, p < 0.01). In contrast, our results
suggest a negative correlation between pre-advice confidence
and forecasting performance (p < 0.01). Furthermore, our find-
ings indicate that a higher weight of algorithmic advice is associ-
ated with higher forecasting performance (0.163, p < 0.01). This
provides support for the beneficial association between taking
advice from algorithms and forecasting performance. Regarding
our controls, the SEM reveals a significant association between
graph literacy and the final forecasting performance (0.163, p
< 0.05). The results do not indicate significant coefficients for

the task sequence, COVID-19 knowledge, and task duration (p
>0.1).

Our analysis of the model suggests a path of significant rela-
tions from the 95% PI plot treatment to the MAE. The results
indicate a positive association between 95% PI plots and confi-
dence in algorithmic advice, which in turn is associated with
higher levels of advice utilization and, subsequently, higher
forecasting performance. Interestingly, the findings indicate
that pre-advice confidence levels are associated with decreased
forecasting performance, both directly and indirectly through
advice utilization.

4.3 | Post Hoc Analysis

As described earlier, people often misinterpret visual bound-
aries in plots and perceive these boundaries, which are ac-
tually probabilistic, in a categorical manner (Padilla et al.
2018). This may lead to the erroneous interpretation that
points lying within a PI or between the lines of an ensemble
are “correct” and points outside are “incorrect” (Padilla, Kay,
and Hullman 2022). As a consequence, people might adopt a
strategy in which they adjust their initial forecasts in such a
way that their estimates lie inside the PI or between the most
extreme lines of an ensemble plot. This could, in turn, reduce
the frequency of large forecast errors.

For point plots, 19.0% of the final forecasts are more than two
standard deviations away from the true value. In contrast, the
frequency of such outliers is lower for the ensemble (15.4%) and PI
condition (14.5%). A Pearson's chi-squared test of independence
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indicates significant differences (p < 0.1). These results suggest
that people may indeed move their initial estimates inside the PI
or between the lines of an ensemble plot, reducing the frequency
of large forecast errors.

Finally, we examined the robustness of our results by replac-
ing the negated MAE with the negated root mean square error
(RMSE). The RMSE is naturally more sensible to large forecast
errors. However, all relations remain on similar significance lev-
els, except for the relation between pre-advice confidence and
forecasting performance, which is not significant for RMSE as
the dependent variable (p > 0.1).

5 | Discussion and Conclusion

This paper examines the impact of uncertainty visualiza-
tions on forecasting performance in time series forecasts.
It highlights the importance of considering uncertainty in
decision-making and how confidence, advice utilization, and
other factors impact the decision-making process. The paper
makes two contributions. First, it consolidates research on
uncertainty visualizations by using the JAS framework from
psychological behavioral research for the special case of time
series forecasts. Second, we go beyond a simple examination
of the effect of uncertainty visualizations by using SEM to ex-
amine the involvement of other variables, such as confidence
and advice utilization.

PI plots representing probabilistic framing played a special role
among the selected visualization conditions, as presented in
Figure 7 in the previous chapter. This visualization form led to
a greater degree of confidence in the algorithmic forecast. Given
the finding that advice utilization was generally beneficial for
final decision-making, this suggests that PI plots were the best
choice in the application context. This could help to explain why
most COVID-19 visualizations used PI plots (Zhang, Sun, and
Padilla 2021). Additionally, we can confirm the beneficial im-
pact of PI plots compared to no uncertainty visualizations (e.g.,
Joslyn, Nemec, and Savelli 2013; Leffrang and Miiller 2021).

Ensemble plots as instances of frequency framing may be eas-
ier to understand than probabilistic framing (Gigerenzer 1996).
However, increasing the perceived level of uncertainty may
not always be the optimal approach. Our findings indicate an
inverted U-shaped relation between perceived uncertainty and
advice utilization. Individuals appear to be more willing to take
advice from an algorithm when the algorithm makes them aware
of some uncertainty associated with the forecast (in our case:
95% PI plots). However, when confronted with overly effective
uncertainty visualizations (in our case: ensemble plots), indi-
viduals may become alienated and less likely to take the advice.
This points to a possible uncertainty paradox, where increased
uncertainty awareness leads to reduced confidence in useful ad-
vice, which leads to suboptimal decision-making outcomes.

We cannot confirm the beneficial impacts of ensembles, like mit-
igating misconceptions about uncertainty (Ruginski et al. 2016),
improved risk perception (Padilla et al. 2022), or reduction of
biases (Toet et al. 2019) to translate to confidence, advice utili-
zation, or forecasting performance. Thus, we can confirm that

visualization formats minimizing human bias are not necessar-
ily optimal for decision-making (Kale, Kay, and Hullman 2021).
One explanation could be that the number of forecasts (20) un-
dermined participants' trust (Padilla et al. 2022). Additionally,
disorganized ensembles could have confused participants (Liu
et al. 2017).

However, both PI and ensemble plots reduced the frequency of
very large forecasting errors, which appears to contradict con-
fusion as the primary explanation. One explanation can be the
misconception of visual boundaries as categorical ones (Padilla
et al. 2018). This misconception can lead to a misunderstand-
ing of statistical properties (e.g., Hoekstra et al. 2014; Belia et al.
2005). Contrary to prior research, we present a beneficial impli-
cation of such a misconception.

Confidence in algorithmic forecast mediated the relation
between visualization type and forecasting performance, which
we did not observe as a direct one. Thus, we extend prior re-
search on forecasting performance (e.g., Belia et al. 2005; Padilla
et al. 2022) with a more nuanced view of the decision-making
process, which may explain mixed findings on uncertainty vi-
sualization evaluations. Confidence in the algorithmic forecast
had a direct positive relation with forecasting performance, ac-
cording to our results. Additionally, it had a positive indirect
relation with a positive relation between advice utilization and
forecasting performance. Since the algorithmic advice was gen-
erally beneficial, as indicated by the model-free evidence, con-
fidence in its ability seems reasonable to increase forecasting
performance. Based on these results, we can confirm the im-
portance of confidence in the algorithmic advisor (Bonaccio and
Dalal 2006; Sun et al. 2021).

For advice utilization, measured by WOA, besides confidence
in the algorithmic forecast, duration had a positive direct rela-
tion with WOA. However, duration also had a negative relation
with WOA mediated by pre-advice confidence according to our
results. Thus, our results indicate that more time can increase
advice utilization and self-confidence. Self-confidence itself
appears to decrease advice utilization according to our results.
This is in line with research on overconfidence, which is gener-
ally harmful to an effective decision-making process (Bonaccio
and Dalal 2006).

For forecasting performance, measured by the negated MAE,
besides confidence in the algorithmic forecast and advice uti-
lization, pre-advice confidence and graph literacy had a direct
positive relation to it. For pre-advice confidence, similar to
advice utilization, overconfidence may explain these results
(Moore and Healy 2008). As graph literacy describes the ability
to understand the information in a graph (Galesic and Garcia-
Retamero 2011), more graph literacy increasing the forecasting
performance appears reasonable.

Overall, this paper provides valuable insights into the impact
of uncertainty visualizations on advice utilization in time se-
ries forecasts. Data scientists must decide (i) whether to include
uncertainty information in their results and, if so, (ii) how to
represent it. Our findings indicate that while information
about uncertainty can increase confidence in forecasts, it can
also be misunderstood, negatively impacting decision-making
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and creating an uncertainty paradox. The JAS principle and
mediation analyses provide a comprehensive approach to in-
vestigating the effect of uncertainty visualizations on advice
utilization. PI plots can be a useful tool in achieving an uncer-
tainty balance, as they provide a range of possible outcomes
while maintaining clarity. This paper is useful for researchers
and practitioners interested in developing effective uncertainty
visualizations helping individuals to make more informed de-
cisions and avoid the pitfalls of the uncertainty paradox.

6 | Limitations and Outlook

Our research is not without limitations. First, although WOA
is the most frequently used dependent variable in algorithmic
advice utilization research, it is subject to certain constraints,
including undefined values, the absence of negative values, and
the potential for overshooting (Bonaccio and Dalal 2006).

Second, we randomly drew lines from the posterior distribu-
tion to differentiate ensemble plots from the more structured
PI plots. Future work could examine scenario-reduction tech-
niques to combine the desired properties of each visualization
form (e.g., Liu et al. 2019).

Third, we focused on static visualization techniques as they
are widely applicable across all media and are most commonly
used in the considered use case, based on the media examples
we identified. Future research may study animated or interactive
visualizations, which might have the capability to convey more
information. Furthermore, future work can examine the impact
of insights from temporal correlations in forecasts of trajectories
that probabilistic or no uncertainty visualizations do not capture.

Finally, the anchoring of initial values on the value in ¢t may
have impacted the predictions for t + 7, t + 14, and ¢ + 21 before
the algorithmic forecast was shown. Future studies could in-
vestigate whether anchoring and adjustment may play a role in
forecasting tasks.

Although our research design was firmly grounded in theoreti-
cal work on the perception of probabilities and frequencies, we
believe that it is necessary to develop a more comprehensive
understanding of the causal mechanisms linking various types
and properties of uncertainty visualizations to different effects.
Future work should study how other factors, such as the way
graphs are colored or labeled, or the width of uncertainty ranges,
influence the perceived predictive uncertainty and try to build
an overarching theoretical framework (e.g., Padilla et al. 2022).
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