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Figure 1: Visualization techniques evaluated in Experiments 1 and 2. Columns show the five visualization types: median plots,
95% confidence intervals, standard deviation (SD) bands, density plots, and hypothetical outcome plots (HOPs). Rows display
forecast agreement conditions (high vs. low). Experiment 1 (top) includes two forecast distributions, and Experiment 2 (bottom)
extends to four forecast distributions under both agreement levels.

ABSTRACT
Multiple forecast visualizations (MFVs) present curated sets of fore-
casts to support decision-making under uncertainty. However, the
research community knows little about how people interpret and in-
tegrate competing forecasts. In this study, we investigate the strate-
gies individuals use when predicting hypothetical future events
with MFVs across five visualization types (median, 95% CIs, stan-
dard deviation intervals, density plots, and hypothetical outcome
plots) and multiple probability distributions in two preregistered
experiments (n = 500 each). Analysis of 18 participant strategies and
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open responses shows that whereas many participants attempted to
visually average across forecasts, others adopted a winner-takes-all
approach (e.g., selecting a single forecast as the most likely out-
come), which deviates from rational agent expectations. We also
observed reliance on visual artifacts, such as intersection points or
end caps. These findings underscore the complexity of interpreting
a range of forecasts and help explain why individuals may privilege
particular predictions in real-world decision contexts.
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•Human-centered computing→ Empirical studies in visu-
alization; Empirical studies in visualization; Visualization
techniques.

KEYWORDS
Multiple Forecast Visualization, uncertainty, distributions, density
plots, hypothetical outcome plots

https://doi.org/XXXXXXX.XXXXXXX


Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Padilla et al.

ACM Reference Format:
Lace Padilla, Racquel Fygenson, Connor Wilson, Kristi Potter, and Spencer
C. Castro. 2018. Examining Interpretation Strategies for Multiple Forecast
Visualizations with Two and Four Forecasts. In Proceedings of Make sure
to enter the correct conference title from your rights confirmation email
(Conference acronym ’XX). ACM, New York, NY, USA, 19 pages. https:
//doi.org/XXXXXXX.XXXXXXX

1 INTRODUCTION
Over the past 50 years, advances in data availability, computing
power, and statistical methodology have led to a dramatic expan-
sion in the number of forecasting models available across scientific
and applied domains [51]. As a result, analysts, policymakers, and
the general public routinely encounter multiple forecasts for the
same event. This rising prevalence has intensified the need for ef-
fective methods of communicating collections of forecasts in ways
that align with a communicator’s goals. Emerging work onmultiple
forecast visualizations offers a promising approach, enabling users
to view an array of independent forecasts within a single display, of-
ten outperforming common summary plots such as 95% confidence
intervals [40, 41]. However, progress on multiple forecast visualiza-
tions is hindered by our incomplete understanding of the strategies
people use when interpreting multiple forecasts simultaneously.
Absent this foundational knowledge, designers cannot reliably cre-
ate multiple forecast visualizations that support interpretations
consistent with their intended communication goals.

Furthermore, although mathematical methods for combining
forecasts are well-established [9], scholars emphasize that no sin-
gle method is universally optimal because appropriateness of ap-
proaches depends on factors such as data structure, model quality,
and the specific forecasting task, among other considerations [51].
Given these contingencies, it is crucial to understand how visual-
ization techniques afford particular interpretation strategies so that
forecasters and designers can select formats that best support their
objectives. To address this gap, we present a context-free sequence
of experiments to identify the strategies the general public uses
when interpreting multiple forecasts across common visualization
techniques. By deliberately removing domain context, we establish
a baseline set of perceptual and cognitive tendencies that designers
can use to anticipate how their forecasting contexts may interact
with, amplify, or attenuate these baseline strategy patterns.

To investigate how people interpret multiple forecast visual-
izations, we conducted two preregistered experiments using five
common visualization types: median plots, 95% confidence intervals,
standard deviation bands, density plots, and hypothetical outcome
plots (HOPs) (shown in Figure 1). Experiment 1 examined how par-
ticipants interpreted two forecasts, including how their strategies
shifted when forecasts were skewed or showed substantial dis-
agreement. Experiment 2 tested whether these patterns persisted
when participants evaluated four forecasts. Together, the experi-
ments provide converging evidence that people rely on a diverse
set of strategies, and that these strategies shift systematically with
both the visualization technique and the properties of the fore-
casts. All data, analyses [osf.io/rwnt8], and preregistrations [Exp 1:
osf.io/pfjwe, and Exp 2: osf.io/3mcjp] are available on the Open
Science Framework (OSF). The major contributions include:

• Converging empirical evidence from a rigorous controlled
study that participants’ strategies for evaluating multiple
forecast visualizations are influenced by visualization type
and forecast properties.

• Providing empirical evidence that a significant portion of
lay audiences adopt a winner-takes-all approach when in-
terpreting visualized forecasts, favoring a single forecast as
the most likely outcome instead of combining forecasts.

• Documenting instances where individuals switch strategies
in predictable ways based on forecast properties.

• Providing evidence that, under certain conditions, partici-
pants rely on visual artifacts (e.g., intersection points, end
caps) while neglecting distributional information, introduc-
ing unintended variability in judgments.

2 RELATEDWORK
In uncertainty visualization, designers typically choose between
two main approaches [42]. One approach uses summary statistics,
such as confidence intervals or mean plots, to present informa-
tion succinctly. Despite their widespread adoption (e.g., confidence
intervals appeared in 60% of COVID-19-related line charts [57]),
they are often misunderstood [3, 8, 11, 18, 19, 24–26, 44, 46, 47],
even after educational interventions [4] and regardless of viewers’
expertise [3]. A key issue, identified as deterministic construal er-
ror, occurs when viewers misinterpret uncertainty as deterministic
rather than probabilistic [25]. For example, in hurricane forecast
visualizations, viewers often misinterpret a confidence interval as
an impact zone, rather than as distributional information [43, 47].

Alternatively, designers can use distributional visualizations,
such as gradient, violin [11], quantile dot [30], and ensemble plots [34],
which have been shown to enhance comprehension and perfor-
mance compared to summary statistics [8, 11, 14, 21, 26, 27, 30, 44,
47], and textual descriptions of distributions and visualizations with-
out uncertainty [8, 14]. These distributional visualizations can be
categorized as encoding uncertainty explicitly or implicitly [42]. Ex-
plicit encodings, such as quantile dot [30] and density plots, utilize
graphical elements to represent confidence levels or probabilities
directly. In contrast, implicit encodings convey uncertainty through
the representation of various potential outcomes without direct
quantification [12], as seen in ensemble charts [34], hypothetical
outcome plots (HOPs [22]), and multiple forecast visualizations [41].

Multiple forecast visualizations offer a lesser-studied method
for communicating implicit uncertainty by showing variance or
agreement among multiple forecasts. This approach conveys the
diversity, form, and density of future projections [41]. Unlike en-
semble or hypothetical outcome plots that generate predictions
from a statistical model [22, 32–34], multiple forecast visualiza-
tions display forecasts from different independent sources
or forecasting groups, enabling direct comparison of various pre-
dictive models in a single visualization. Because multiple forecast
visualizations display multiple independent forecasts, their design
involves both visualization and data collation choices, making them
a case where data selection and information visualization intersect.

Decision-making strategies vary widely when people interpret
multiple forecast visualizations, shifting with the number, distribu-
tion, and context of the forecasts. For instance, work on COVID-19
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mortality forecasts found that viewer trust increases as the number
of forecasts grows (up to roughly six to nine) before stabilizing,
and that worst-case outliers can bias judgments unless embedded
within a larger set of forecasts [41]. Sarma, Hedayati, and Kay [48]
similarly observed that when viewing cumulative distribution plots,
participants sometimes overweighted a uniformly distributedworst-
case forecast, whereas in other situations they discounted a lone
outlier when most forecasts clustered near one bound. McKenzie et
al. [35] identified additional simple heuristics used when compar-
ing competing predictions and highlighted the need to study such
divergent strategies more systematically.

The present study addresses this gap by evaluating a broad set of
interpretation strategies across a wider range of visualization types
in a controlled context free setting. Prior work has typically focused
on specific application domains (for example GPS navigation [35],
disaster risk management [48], or pandemic forecasting [40, 41]),
which limits generalization and provides little insight into how visu-
alization design alone shapes strategy use. In contrast, our approach
establishes a general baseline for how interpretation strategies vary
across common visualization techniques. We tested the full strat-
egy set described in subsection 2.1 using five visualization types
shown in Figure 1. Because each technique introduces distinct vi-
sual features that may cue different strategies, examining only a
small number of forms can miss important behaviors. Indeed, previ-
ous studies often compared only two techniques at a time, such as
ensemble plots versus probability boxes [48], confidence intervals
versus Gaussian fades [35], or median lines alongside confidence
intervals [40, 41]. By testing a larger set of visualization types, eval-
uating an exhaustive strategy list, and removing strong contextual
cues, we aim to advance theoretical understanding of the strate-
gies people use when comparing multiple forecasts and the visual
features that support them.

2.1 Strategies and Perceptual Proxies
In the field of forecast combination, there is ongoing debate about
the “correct” statistical method for aggregating forecasts, with no
universally accepted approach because factors such as context and
forecaster characteristics substantially influence the choice of tech-
nique (e.g., [51, 56]). Given these methodological debates, we do
not assume a single correct method for combining distributions.
Instead, we focus on identifying the strategies participants use to
interpret multiple forecast visualizations and the forecast properties
that shape those strategies.

The absence of a universal method for combining forecasts
motivates our goal of examining how people naturalistically in-
terpret visual representations of multiple forecasts. Prior visual-
ization research has examined how viewers interpret data visu-
alizations, notably through the examination of perceptual prox-
ies [23, 39, 55]. Perceptual proxies, or visualization features used
to solve tasks [23], have been identified in bar charts for assessing
maximums, means, ranges, correlations, and differences [23], and
in scatter plots [39, 55]. Identifying visualization features that guide
viewers’ interpretations enables the comparison and contrast of
candidate visual proxies to determine which one best influenced
participants’ judgments. Extending this foundation, related work

has documented analogous strategy use in the context of uncer-
tainty visualizations (e.g., [26, 36]). This research not only identifies
reasoning strategies but also highlights how participants rely on
specific visual features, such as the mean in confidence intervals
or density plots, or use visual distance between results as a proxy
for effect size [26]. More studies find that participants’ judgments
can be influenced by features of uncertainty representation, such
as the end caps of error bars [24].

We investigate participants’ visual strategies for comparing mul-
tiple forecast visualizations. Using the perceptual proxies approach [23,
39, 55], we define 18 candidate interpretation strategies, which
we organize into three groups, shown in Figure 2 (Data-Driven
Mental Averaging, Winner-Takes-All, and Heuristic Visual
Artifact). In the following passages, we detail each strategy and
the rationale behind it.

Data-Driven Mental Averaging Strategies: A strategy in which
viewers mentally combine forecast distributions by internally averag-
ing key statistical features. Prior work with numerical stimuli shows
that people often average pairs of numbers [6], to the point that
scholars describe it as “a rule that is (almost) universally invoked
by human judges” [6]. Visualization research similarly finds that
participants frequently average forecasts and sometimes assign
more weight to those with smaller standard deviations [17]. Men-
tal averaging is therefore one of the most consistently observed
strategies across numerical and visual contexts. Because it can be
implemented in multiple ways, we enumerate all plausible variants
to assess which forms participants use for each visualization type
(shown in Figure 2, left column).

The simplest forms of mental averaging combine the central ten-
dencies of the forecasts, such as taking the mean, median, or mode
of the two distributions (Figure 2, left column, top rows). More
sophisticated approaches integrate additional distributional prop-
erties, including standard deviation or skew, producing a weighted
mental average that reflects differences in shape. A well-established
formulation of such a weighted combination is the linear opinion
pool (LOP; Equation 1) [2, 50], following the adaptation from [9].

𝑝 (𝜃 ) =
𝑛∑︁
𝑖=1

𝑤𝑖𝑝𝑖 (𝜃 ) (1)

Here, each expert 𝑖’s belief about the uncertain parameter 𝜃 is
represented by a probability distribution 𝑝𝑖 (𝜃 ), and 𝑝 (𝜃 ) denotes the
aggregated distribution reflecting a consensus across all 𝑛 forecasts.
The weighting factor 𝑤𝑖 for each forecast distribution is defined
as the reciprocal of the variance of 𝑝𝑖 (𝜃 ) and is normalized so
that the𝑤𝑖 sum to unity, following the method of Greis et al. [17].
Throughout, we use 𝑝 as a general notation that can denote either
a probability mass function (for discrete variables) or a probability
density function (for continuous variables).

Below are the four Data-Driven Mental Averaging strategies we
tested, which are shown in the left column of Figure 2:

(1) Mentally averaging the means of the two distributions.
(2) Mentally averaging the medians of the two distributions.
(3) Mentally averaging the modes of the two distributions.
(4) Mentally computing a weighted average using the linear

opinion pool formulation.
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Figure 2: Illustration of the strategy proxies evaluated in our analyses. Strategies are organized into three groups. Data-Driven
Mental Averaging (left): participants may mentally combine forecasts by selecting statistical summaries such as the mean,
median, or mode of the distributions, or by using a Linear Opinion Pool (LOP). Winner-Takes-All (center): participants may
rely on a single distribution, choosing based on standard deviation, skew, or a combination of both. Heuristic Visual Artifacts
(right): participants may respond to salient display features, such as selecting the midpoint between the outermost visible
pixels, the middle interval of SD bands, or the intersection point of overlapping density plots.

Winner-Takes-All Strategies: A strategy in which viewers select
one forecast as the only plausible outcome and disregard the others
(Figure 2, center column). Prior work shows that people sometimes
discount outlier forecasts in ensembles [48], suggesting that choos-
ing a single forecast can be a natural extension of this behavior.
Winner-takes-all decisions also arise in real-world settings. For
instance, when two physicians offer conflicting treatment recom-
mendations, averaging their advice is often unreasonable; one must
choose which to follow. Similarly, when evaluating competing fore-
casts, viewers may judge one source as more credible.

Within this class, we identified nine approaches. The most basic
selects a forecast without considering its distributional properties
(Figure 2, center column, first row). Others rely on simple heuristics,
such as choosing the forecast with the smaller or larger standard
deviation (Figure 2, second row), reflecting the common misinter-
pretation that smaller variance implies greater certainty. Additional
variants prioritize skew, selecting either the more skewed or more
symmetric distribution (Figure 2, third row). The most advanced
approaches combine multiple cues, such as selecting the forecast
that is both less variable and less skewed (Figure 2, fourth row). To
capture this full space, we tested all nine winner-takes-all strategies
summarized in the center column of Figure 2.

(5) Randomly selecting the left or right distribution.
(6) Selecting the distribution with a smaller standard deviation.
(7) Selecting the distribution with a larger standard deviation.
(8) Selecting the distribution that is skewed.
(9) Selecting the distribution that is not skewed.
(10) Selecting the distribution with a smaller standard deviation

and skew.
(11) Selecting the distribution with a larger standard deviation

and skew.
(12) Selecting the distribution with a smaller standard deviation

and no skew.

(13) Selecting the distribution with a larger standard deviation
and no skew.

Heuristic Visual Artifact Strategies: A strategy in which view-
ers base their judgments on salient visual features of the display rather
than on the underlying statistical properties of the forecasts. Prior
work shows that simple visual cues can strongly shape interpreta-
tion. For example, McKenzie et al. [35] found that participants were
more likely to trust a forecast when it appeared within a sharply
bounded 95% CI rather than one with a Gaussian fade. Other studies
find that viewers rely on features such as the apparent central ten-
dency, the visual distance between forecasts, or error bar end caps
when making judgments [24, 26]. Building on these insights, we
reviewed each visualization type to identify heuristic proxies that
might arise from its unique visual characteristics, as summarized
in the right column of Figure 2.

One strategy that applied across all visualization types involved
using the outermost or innermost visible points of the distributions
as anchors and mentally averaging those positions (Figure 2, right
column, first row). The effectiveness of this heuristic varies by
visualization, as the points differ by technique. For instance, a 95%
CI is much narrower than SD bands, which span three standard
deviations. SD bands also afford a unique variant of this heuristic:
because they contain multiple nested intervals, viewers may rely
on either the outer edges of the full band or the inner boundaries of
the narrowest band (Figure 2, right column, second row). Density
plots introduce another distinct heuristic in which viewers focus
on the visible intersection of two semitransparent distributions
(Figure 2, right column, third row), particularly when the forecasts
are close together. The heuristic visual artifact strategies tested are
listed below and summarized in the right column of Figure 2:

(14) Averaging the furthest visible points across forecasts.
(15) Averaging the closest visible points across forecasts.
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(16) Averaging the closest points of the inner intervals of the SD
bands.

(17) Averaging the furthest points of the inner intervals of the
SD bands.

(18) Using the intersection point in density plots as the most
likely outcome.

In total, we tested 18 distinct strategies across the three categories
of Data-Driven Mental Averaging, Winner-Takes-All, and Heuristic
Visual Artifact strategies.

3 EXPERIMENTS
To investigate multiple forecast visualization interpretation strate-
gies, we conducted two experiments. The first identified common
strategies and examined their variation across visualization types
and distribution properties, including normal vs. skewed distribu-
tions. The second tested how these findings generalized from two
to four forecasts.

3.1 Stimuli Generation
Experiment 1 Datasets: Datasets and stimuli were generated in
R [45]. Using the sn package v.2.1.1 [1], we sampled 500,000 values
to create 40 datasets from normal and skewed-normal distributions
with standard deviations of 1 or 2.5. To match the mean and stan-
dard deviation of normal counterparts, skewed distributions were
generated as follows [37]:

𝜔𝑔𝑒𝑛 (𝜎, 𝛼) = 𝜎

(
1 − 2𝛼2

𝜋 (1 + 𝛼2)

)− 1
2

𝜇𝑔𝑒𝑛 (𝜇, 𝜔, 𝛼) = 𝜇 − 𝜔

(
2𝛼2

𝜋 (1 + 𝛼2)

) 1
2

Here, 𝜇 and 𝜎 represent the mean and standard deviation of the
normal distribution,𝛼 denotes the skewness parameter, and𝜔 repre-
sents the scale parameter of the skewed normal distribution. These
equations yielded input parameters 𝜔𝑔𝑒𝑛 and 𝜇𝑔𝑒𝑛 for the skewed
normal function, resulting in skewed distributions with compara-
ble means and standard deviations to the normal ones. To create
distribution pairs, we added three units to the mean for forecasts
with more agreement and 14 units for those with less agreement
(Figure 3a: agreement low and high). We generated five combina-
tions of normal and skewed distributions (Figure 3b): both normal
(N/N), positive skewed left and normal right (PS/N), positive skewed
right and normal left (N/PS), negative skewed left and normal right
(NS/N), and negative skewed right and normal left (N/NS), referred
to as shape combinations. These were crossed with variability
levels (Figure 3b), or SD combinations (e.g., 1SD/1SD, 2.5SD/2.5SD,
1SD/2.5SD, 2.5SD/1SD), resulting in 40 datasets.

Experiment 1 Stimuli: We selected mark types to test based
on (1) the best-performing visualization techniques, (2) appropri-
ate controls, and (3) the most common methods. We plotted two
distributions displayed with one of five mark types (median, 95%
CI, SD bands, density, and HOPs) in one plot (Figure 1), using the
packages ggplot2 v. 3.4.4 [52] and ggdist v. 3.3.1 [29].

We selected density plots and HOPs as two of the most empiri-
cally validated techniques for conveying uncertainty [42]. We did
not include quantile dot plots, despite their effectiveness, because

Experiment 2 required the display of multiple overlapping distri-
butions (e.g., Figure 3a). Although recent methods allow quantile
dot plots to visualize two overlapping distributions using multi-
colored dots [54], this approach does not scale well to more than
two distributions. Thus, we chose density plots, better suited for
multiple overlapping distributions, and included HOPs, generated
by randomly sampling 940 values from our datasets and animating
them at 2.5 frames per second. The number of samples and frame
rate were configured according to best practices recommended in
the seminal work on HOPs [19]. We selected the median mark type
as a control without uncertainty, serving as a baseline to assess how
people update their decisions when presented with uncertainty.

To evaluate common methods, we included the 95% confidence
interval, the most widely used visualization for representing uncer-
tainty (see review on COVID-19 visualizations [57]). We also tested
a finer banded-interval version, with each section representing 0.5
standard deviation units, to convey the distribution’s shape [54].

All plot pairs were placed in a single frame to minimize vertical
space and avoid scrolling, rather than using small multiples. We
colored the distributions purple and green, and created a second set
in which we reversed the color encoding to prevent bias. Partici-
pants were randomly assigned to one mark-type condition (Median,
95% CI, SD Bands, Density, or HOPs) and one color condition (pur-
ple/green or green/purple).

Experiment 2 Datasets: In Experiment 2, we tested only nor-
mal distributions, creating stimuli with four and two distributions
varying in forecast agreement. Two datasets with four normal dis-
tributions were generated, with distributions of greater agreement
separated by two units and those with less agreement by six units
(see Figure 3a). The procedure of generating normal distributions
in Experiment 2 was identical to the procedure in Experiment 1.

Experiment 2 Stimuli: We tested the same mark types as in
Experiment 1. To create two-distribution stimuli, we plotted the
outermost distributions from the four-distribution set, maintaining
the same overall width (see Figure 3a). The two distributions were
colored purple and green, and the four distributions were colored
purple, orange, gray, and green, based on ColorBrewer’s qualitative
color scheme [5], with gray added for color blindness differenti-
ation. Participants did not need to report colors, but they had to
distinguish colors in HOPs to correlate the animated samples with
their parent distributions.

3.2 Experiment Design
Figure 4 provides an overview of the experimental design and
instructions, which were consistent across all experiments. Par-
ticipants accessed the study online, provided informed consent in
accordance with IRB guidelines, and then completed the steps out-
lined in Figure 4. To enhance the generalizability and minimize
context-specific biases (e.g., those that may arise in weather or po-
litical forecasting), we employed a neutral scenario. Instructions
did not indicate which strategy was correct, nor did participants
receive feedback on the accuracy of their responses. This design
ensured that participants selected the approach they considered
most appropriate, allowing us to examine how forecasts are inter-
preted with minimal influence from prior knowledge or contextual
framing. We revisit this design choice in the limitations section.



Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Padilla et al.

(a) High- and low-agreement conditions.
Conditions in Experiment 1 (Panel A,
two forecasts) and Experiment 2 (Panel
B, four forecasts). Density plots show
normal distributions with a standard de-
viation of 1.

(b) Distributional manipulations. The five
shape combinations (normal, positive skew,
negative skew) are shown on the left. Standard
deviation (SD) conditions of 1 and 2.5 are ap-
plied across these shapes, illustrated on the
right.

(c) Study interface. Screenshot of the task interface
used by participants to provide their responses by
clicking on the chart to indicate their best guess.

Figure 3: Overview of experimental stimuli and interface. (A) Illustration of conditions showing forecast agreement (high
vs. low) and number of forecasts (two vs. four). (B) Distribution shape manipulations and corresponding standard deviation
conditions used in the study. (C) Screenshot of the interactive task interface, showing how participants selected their responses.

Figure 4: Overview of the experimental design. Participants were randomly assigned to one of five visualization types (95%
CIs, SD Bands, Density Plots, Median Plot, or HOPs). They first completed chart-specific instructions, an initial attention
check, and a practice trial. The main task consisted of 40 fully randomized trials varying by forecast agreement (high vs. low),
shape comparison (five levels), and standard deviation comparison (four levels). After the main task, participants answered an
open-ended strategy question, completed a second attention check, graph literacy items, and demographic questions before
receiving payment and potential performance bonuses.

Experiment 1: We employed a mixed-subjects design with the
following factors: 5 levels of mark type (median, 95% CI, SD bands,
density, and HOPs), 2 levels of forecast agreement (low vs. high),
5 levels of shape comparison (N/N, PS/N, N/PS, NS/N, N/NS), and
4 levels of SD comparison (1SD/1SD, 2.5SD/2.5SD, 1SD/2.5SD, and
2.5SD/1SD). This design produced 40 randomized trials per partici-
pant, totaling 200 trials across the 5 mark-type groups.

Experiment 2: We examined normal distributions with a stan-
dard deviation of 1, using a 5 (mark type: median, 95% CI, SD bands,
density, HOPs) x 2 (number of forecasts: 2, 4) x 2 (agreement: low,
high) mixed-subjects design. Mark type was the between-subject
variable (five groups), and the number of forecasts and agreement

were within-subject variables, resulting in four randomized trials
per participant, totaling 20 trials across the five mark-type groups.

Instructions: In addition to the instructions shown in Figure 4,
participantswere providedwith chart-specific instructions designed
to establish the baseline knowledge needed to interpret each visual-
ization. Because each chart type contained unique visual elements,
the instructions varied slightly; however, we edited them to main-
tain as much consistency as possible across conditions. The full
instructions are provided in the supplemental materials and on OSF
(osf.io/rwnt8).

Procedure: After reading the instructions, participants com-
pleted an attention check that required typing a word beginning

https://osf.io/rwnt8/
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with the letter c to complete the sentence in Figure 4. The intended
answer was charts, although any valid c-word (e.g., cats) allowed
participants to continue. Those who failed this check were excluded
per our preregistered criteria. This approach adheres to Prolific’s
guidelines, as it assesses instruction following rather than memory.
Next, participants completed a practice trial using a forecast not
included in the main study. In the main task, participants responded
to a validated four-step distribution elicitation measure that we
adapted from Speirs-Bridge et al. [49]:

(1) Realistically, what is your best guess for the outcome of the
future event, based on the two forecasts?

(2) Realistically, what do you think the lowest plausible value
for the outcome of the future event will be, based on the two
forecasts?

(3) Realistically, what do you think the highest plausible value
for the outcome of the future event will be, based on the two
forecasts?

(4) How confident are you that your range, from lowest to high-
est, could capture the true outcome of the future event?
Write your response in the form of “I am pretty sure the
value would be in the range I indicated __ out of 100 times.”
Write a number that denotes __ out of 100 times in the box.

Participants responded by clicking on the visualization to gener-
ate a draggable line (Figure 3c). After the initial click, they could
adjust their estimate by clicking and dragging the line to update
its position or clicking again to redraw the line. The first question
appeared alongside the visualization, and Questions 2 and 3 were
presented on the next page, where participants marked their lowest
and highest plausible values. For Question 4, participants entered a
numerical response in a text box.

To encourage engagement, the practice trial informed partici-
pants about the possibility of bonus payments (of up to $.80), as de-
tailed in Figure 4. Compensationwas determined using a linear opin-
ion pool (LOP; Equation 1) method [2, 50], adapted from [9], with
responses within ±0.75 units of the LOP value qualifying. Bonus
payments were issued within 24 hours of study completion.

Although recent work on decision-making tasks recommends
compensating participants using the same evaluation metrics ap-
plied in the study [20], we used the LOP as the mathematically
appropriate method for aggregating judgments, since it would have
been infeasible to compute bonuses across 18 strategies. Payments
were calculated after the study; strategies were not disclosed, no
feedback was provided, and each participant could complete the
study only once. This ensured the payment structure could not
influence responses.

As outlined in Figure 4, after completing the main experiment,
participants: (1) responded to an open-ended question about their
interpretation strategies, (2) completed a second attention check,
(3) completed a graph literacy assessment [38], (4) answered demo-
graphic questions, and (5) viewed their bonus.

Promoting Valid Responses: To ensure data quality, we imple-
mented preregistered checks. Eligibility was restricted to partici-
pants with a Prolific approval rating of 90% or higher. An attention
check was administered at the beginning of the survey, and a fi-
nal check was required at the end, where participants had to click
on a specified number from a chart. These procedures resulted in

the exclusion of 21 participants. Although no method guarantees
entirely valid responses, combining entry and exit checks with
incentive-based participation (e.g., performance bonuses) increases
the likelihood of filtering out inattentive respondents while retain-
ing genuinely engaged participants.

3.3 Preregistered Hypotheses
Experiment 1: Our preregistered hypotheses focused on two strate-
gies we expected to be most common. The first was the mathemat-
ically ideal method for integrating two distributions: the linear
opinion pool (LOP; 1). Greis et al. [17] previously found evidence
of participants using this strategy. Likewise, we anticipated that
most participants would attempt some form of mental aggregation
informed by both the standard deviation and skew of the distri-
butions. For the second, we preregistered hypotheses about the
winner-takes-all class of strategies, in which participants select one
distribution as correct and disregard the other. We predicted that
when the distributions were farther apart, participants would be
more likely to perceive them as conflicting and adopt a winner-
takes-all approach, whereas when they were close together, they
would be more likely to average them mentally. This motivated
the inclusion of conditions with high agreement (distributions that
are close together) and low agreement (distributions that are far-
ther apart). Our preregistered hypotheses focused on these two
approaches, but we also explored the broader set of 18 strategies
(detailed in subsection 2.1) in an exploratory manner. For Experi-
ment 1, we preregistered the following five hypotheses, ordered to
guide the analysis flow:

H1):When forecasts are close together with uncertainty
shown, we predict most participants will mentally average
them using a pseudo-variability weighting function. When
forecasts differ substantially, we expect more participants to
select a value near one forecast rather than between them
(winner-takes-all response). It is well documented that people
mentally average multiple expert opinions when expressed numer-
ically (e.g., [6]). However, the tendency to adopt a winner-takes-all
approach, where one forecast is deemed reliable and the other re-
jected, has been less explored, particularly with visualized forecasts.
We predicted this behavior based on author disagreements about
our personal approaches. Upon reflection, we noted that a high de-
gree of forecast disagreement might suggest one forecast is flawed,
whereas general agreement could imply that minor discrepancies
explain the differences.

H2: Participants viewing HOPs will be the least likely to
show a winner-takes-all response pattern compared to those
viewing the other uncertainty visualizations.We predict this
because holding multiple distributions in mind and then selecting
one is likely to be cognitively demanding when viewing HOPs.

H3: Participants viewing the median mark type will more
consistently use a mental-averaging response pattern rather
than a winner-takes-all, regardless of the agreement between
the forecasts. The median mark type, showing only a single line,
completely lacks distributional information, akin to numeric fore-
casts. Since people typically average numeric forecasts [6], we
predicted a similar response for the median mark type.
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H4: Participantswill update their beliefs toward the skewed
distributions.We predicted that skewness would influence judg-
ments, as recent work finds that viewers adjust their decision-
making responses based on skewness in ensemble data [48].

H5: When uncertainty is shown with static marks, partici-
pants will indicate a range of plausible lowest and highest
values by placing lines near the visual ends of each mark
type.We predicted that the endpoints of a mark type would bias
judgments by acting as visual anchors.

Experiment 2: As a preview, Experiment 1 showed that density
plots and SD bands often elicited a winner-takes-all strategy, partic-
ularly under low forecast agreement. In Experiment 2, we examined
whether this pattern persisted when participants viewed four fore-
casts. Guided by Gestalt grouping theory, we hypothesized that the
presence of four forecasts would strengthen perceptual grouping,
even when forecasts were relatively dispersed, thereby increasing
the likelihood of mental averaging. Accordingly, we preregistered
one hypothesis for Experiment 2 based on this prediction:

H6: Multiple forecast visualizations with four forecasts
will elicit a mental-averaging response pattern more fre-
quently compared to those with only two forecasts, which
will be more pronounced with high forecast agreement.

3.4 Participants
As specified in our preregistration, we conducted an a priori power
analysis using the pwr package in R. Following Cohen’s guidelines
for small-to-medium effects [10], we assumed six degrees of free-
dom, 𝛼 = .05, power of 0.80, and an effect size of 𝑓 2 = 0.135, which
yielded an estimated requirement of 100.38 participants per group.
We rounded this target to 100 and collected data accordingly: 500
participants in Experiment 1 and 500 in Experiment 2. In adher-
ence with our approved IRB recruitment criteria, participants were
US-based, over 18 years old, fluent in English, and had an accep-
tance rate of over 90% on Prolific. Applying attention check and
exclusion criteria, we removed 14 participants from Experiment
1, yielding the following condition counts: median (n = 99), 95%
CI (n = 98), SD bands (n = 94), density (n = 97), and HOPs (n = 98).
In Experiment 2, we excluded seven participants, with condition
counts: median (n = 98), 95% CI (n = 95), SD bands (n = 98), density
(n = 100), and HOPs (n = 99). Demographics for Experiment 1 were
236 male, 229 female, 16 nonbinary/third gender, 3 prefer not to say,
and 3 prefer to self-describe, with a mean age of 39.20 years (SD =
12.54). For Experiment 2, there were 246 males, 238 females, eight
nonbinary/third gender, and 1 who preferred not to self-describe,
with a mean age of 41.08 years (SD = 14.07).

On average, participants took 34.17 minutes to complete the
study. All participants were compensated $8, regardless of com-
pletion time, resulting in an average hourly rate of approximately
$14. Participants were also eligible for performance-based bonuses,
as described in subsection 3.2, up to a maximum of $0.80, and re-
ceived bonus payments within 24 hours of completing the study.

4 ANALYSIS AND RESULTS
To understand participants’ response strategies with multiple fore-
cast visualizations, we conducted a comprehensive exploratory

analysis of the strategies influencing participants’ judgments. The
following section details our analysis approach, followed by results.

4.1 Modeling Approach
For each candidate strategy, we computed the ideal response for
each trial and measured the absolute distance (Δ) between partic-
ipants’ responses and these ideals. For example, to evaluate the
median strategy, we computed the median of the combined data
from both distributions. The median from the combined distribu-
tions served as the baseline, and we subtracted it from each partici-
pant’s response to obtain Δ, representing the difference between
the participant’s response and the ideal response for that strategy.
We calculated these Δ values for all 18 strategies in the units of the
displayed distributions.

An artifact of this design means that the potential for error in-
creases when distributions are farther apart. Even if participants at-
tempt to use the median strategy, identifying the midpoint between
two widely separated distributions is more difficult than when they
are close together. To account for this, we compared the average
Δ values for high- and low-agreement conditions under the mean
strategy with the median-only visualization. We chose this combi-
nation because it produced the lowest raw average Δ overall (Δ =
.275), indicating responses in this condition most closely matched
the ideal strategy across all visualization types and strategies. The
median-only visualization also presents no visual uncertainty, dis-
playing a single line equivalent to two-point forecasts. Prior work
shows that people reliably average two numerical forecasts [6],
suggesting they would do the same with equivalent visual forecasts.
In this case, the average Δ was .205 for high-agreement and .408 for
low-agreement conditions. The difference (.203) likely reflects the
increased difficulty of selecting the perceptual middle in the low-
agreement condition. We therefore subtracted this difference from
all low-agreement conditions to adjust for the greater potential
error relative to high-agreement conditions.

We then fit a Bayesian multilevel model to predict Δ (absolute
deviation from the ideal strategy) with the following specification:

Δ𝑖 𝑗 = 𝛽0 + 𝛽1 (Mark Type𝑖 𝑗 × Forecast Agreement𝑖 𝑗 )+
𝛽3 (Shape Comparison𝑖 𝑗 ) + 𝛽4 (SD Comparison𝑖 𝑗 )+
𝛽5 (Graph Literacy𝑖 𝑗 ) + 𝑢ID[𝑖 ] + 𝜖𝑖 𝑗

(2)

where:

• 𝛽0: Intercept term representing the expected Δ for the refer-
ence levels of all predictors.

• 𝛽1: Fixed effect for the interaction between Mark Type and
Forecast Agreement, testing H2 and implicitly accounting for
their main effects.

• 𝛽3: Fixed effect of Shape Comparison.
• 𝛽4: Fixed effect of SD Comparison.
• 𝛽5: Fixed effect of Graph Literacy.
• 𝑢ID[𝑖 ] ∼ N(0, 𝜎𝑢 ): Random intercept for participant 𝑖 , cap-
turing within-subject variability.

• 𝜖𝑖 𝑗 ∼ N(0, 𝜎): Residual error term for observation 𝑗 from
participant 𝑖 .



Examining Interpretation Strategies for Multiple Forecast Visualizations with Two and Four Forecasts Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

Figure 5: Example participant response patterns for two trials across the five chart types tested. Left column shows a trial
with two normal distributions staggered by one standard deviation, exhibiting high forecast agreement. Right column shows
examples with low forecast agreement. Solid gray vertical lines represent individual participant responses. These response
patterns indicate that Density Plots and SD Bands elicit two primary strategies (mental averaging and winner-takes-all) with
different usage across high and low forecast agreement conditions. In contrast, 95% CIs, Median Plots, and HOPs lead to more
consistent use of mental averaging. There is also some evidence of a visual heuristic strategy under high forecast agreement
conditions for Density Plots (selecting the intersection of density plots) and 95% CIs (averaging the inner points of the CIs).

4.2 Results
All predictors were mean-centered except for Mark Type. Shape
Comparison, SD Comparison, and Graph Literacy were included as
covariates. Data processing was conducted using the tidyverse v.
2.0.0 [53], Bayesianmodelingwas performed using brms v. 2.20.4 [7],
posterior summaries were obtained with tidybayes v. 3.0.6 [28],
and visualizations were created with ggdist v. 3.3.1 [29].

Priors. We used weakly informative priors:

𝛽𝑘 ∼ N(0.5, 2.5) for all fixed effects
𝜎𝑢 ∼ N(0, 2.5) for the random intercept SD

Analysis Scope: We fit 18 models, 15 using the full dataset
and the remaining models on visualization-specific subsets. This
approach enabled us to rank strategies by their Δ values, identifying
those that were most closely aligned with participant responses. We
did not directly compare the models using fit indices; instead, we
describe the relationships between the models qualitatively. Within
each model, direct comparisons between predictors are appropriate.
All "CIs" reported refer to 95% credible intervals.

To illustrate common response patterns, we plotted participants’
actual responses for two representative stimuli in Figure 5. The
vertical lines show participant responses overlaid on the stimuli.
Visual inspection reveals two predominant patterns. In the first, par-
ticipants placed lines near the modes of the individual distributions,
effectively selecting one distribution over the other, a winner-takes-
all strategy. This pattern is most apparent for density plots and
SD bands under low forecast agreement (right column of Figure 5).
The second, and more common, pattern reflects a mental averaging
strategy, with participants placing lines near the central tendency of
the two distributions. This strategy is especially prominent for 95%
CIs, mean plots, and HOPs in both the high- and low-agreement
examples. In the subsequent analysis, we evaluate the statistical
robustness of these observed patterns using the Bayesian models
described in subsection 4.1.

Following recommendations for transparent reporting of Bayesian
analyses [31], we report posterior distributions for model param-
eters, including posterior means, 95% credible intervals, and the
probability of direction (the proportion of the posterior strictly
above or below zero). We present the posteriors in visualizations
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with a consistent y-axis, where zero indicates no meaningful effect,
and the degree of displacement from zero reflects the effect strength,
allowing results to be interpreted in terms of effect magnitude and
associated uncertainty rather than threshold-based significance. For
reference, the x-axis scale of all stimuli spanned 36 units; if a partic-
ipant ignored the visualization and clicked at the furthest extent of
the scale, the resulting difference would be 36 units subtracted from
the reference strategy’s measure. We report the Δ values on this
same scale for ease of interpretation. In the following section, we
first evaluate each hypothesis and then present additional insights
from analyzing all strategies, followed by descriptive results on
participants’ self-reported strategies.

4.2.1 Findings H1. When forecasts are close together and un-
certainty is shown, we predict that most participants will
mentally average them using a pseudo-variability weighting
function. When forecasts differ substantially, we expect more
participants to adopt a winner-takes-all response. To test H1,
we compared the LOP (variability weighting function) strategy with
a winner-takes-all strategy (see panels A and B of Figure 6). Among
the winner-takes-all strategies, comparing participants’ responses
to selecting the median of forecast A or B (Δ = 2.76) yielded the
lowest Δ values across all conditions. Therefore, we used selecting
forecast A or B as a representative winner-takes-all approach to
compare to the LOP.

As shown in Panel A of Figure 6, for the low forecast agreement
conditions, participants’ responses when viewing Density Plots
(Δ = 2.22) and SD Bands (Δ = 3.32) were more in line with the
winner-takes-all strategy (selecting forecast A or B) compared to
the response patterns of those who viewed HOPs (Δ = 5.33), 95%
CIs (Δ = 4.67), andMedian Plots (Δ = 5.58). Furthermore, under low
forecast agreement conditions, participants who viewed Density
Plots and SD Bands gave responses that were more indicative of
the winner-takes-all strategy (selecting forecast A or B) than the
LOP strategy, an effect evident in the higher Δs for Density Plots
and SD Bands when comparing Panel A to Panel B in Figure 6. For
Density Plots, participants’ responses were more indicative of the
winner-takes-all strategy (selecting forecast A or B; median poste-
rior Δ = 2.22, 95% CI = [1.99, 2.44]) than the LOP strategy (median
posterior Δ = 3.77, 95% CI = [3.50, 4.04]). For SD Bands, participants’
responses showed a similar pattern, being more consistent with the
winner-takes-all strategy (selecting forecast A or B; Δ = 3.32, 95%
CI = [3.09, 3.55]) than with the LOP strategy (Δ = 4.73, 95% CI =
[4.46, 5.01]).

These results indicate that, under low forecast agreement condi-
tions, participant responses to Density Plots and SD Bands were
more consistent with the winner-takes-all strategy (selecting either
forecast A or B) than a weighted mental-averaging strategy (LOP).
In contrast, under low forecast agreement conditions, participants
who viewed HOPs and 95% CIs gave responses that were more
indicative of the LOP strategy. Therefore, H1 is confirmed only
for Density Plots and SD Bands: Although this finding does not
align with our hypothesis, it is noteworthy that HOPs and 95% CIs
promoted a strategy that theorists may consider mathematically
ideal, even when forecasts were far apart. Designers seeking to
encourage a mental averaging strategy may therefore prefer using
HOPs or 95% CIs over Density Plots or SD Bands.

Another critical, unanticipated finding emerged when examining
mental averaging strategies beyond the LOP. Across all 18 strate-
gies tested, the most elementary approach—mentally computing the
mean of the two distributions—yielded the lowest Δ value (average
Δ across all conditions = 1.68) consistently. For comparison, the
average Δ across all conditions for the LOP strategy was 2.76. As
shown in panel C of Figure 6, participants’ responses were nearly
always more consistent with the mean strategy, yielding equal or
lower Δ values compared to the LOP (panel B). The one exception
occurred for Density Plots under low forecast agreement condi-
tions, where participants’ responses were more indicative of the
LOP strategy (panel B, Δ = 3.77) than the mean strategy (panel C,
Δ = 4.35). Overall, these results provide evidence that participants’
responses were sometimes more indicative of a simple mental aver-
aging strategy (e.g., averaging the means) rather than a weighting
function that incorporated standard deviation or skew. This find-
ing contrasts with prior work suggesting that people tend to use
a weighted average strategy [17]. Our results may diverge from
past work because we tested a substantially larger set of strategies,
allowing for consideration of a broader range of alternatives.

4.2.2 Findings H2: Participants viewing HOPs will be the least
likely to show a winner-takes-all response pattern compared to
those viewing the other uncertainty visualizations. To test H2,
we examined the posteriors shown in Panel A of Figure 6. Under
low forecast agreement conditions, participants’ responses when
viewing HOPs were less indicative of a winner-takes-all strategy
(selecting forecast A or B), yielding substantially larger posterior
Δ values (Δ = 5.33, 95% CI = [5.11, 5.56]) compared to responses
from participants viewing Density Plots (Δ = 2.22, CI = [1.99,
2.44]), SD Bands (Δ = 3.32, CI = [3.09, 3.55]), and 95% CIs (Δ =

4.67, CI = [4.45, 4.91]). However, this pattern did not persist under
high forecast agreement conditions, where participants’ responses
showed no meaningful differences across visualization types. This
analysis partially supports H2, indicating that under low forecast
agreement conditions, participants’ responses to HOPs were less
indicative of a winner-takes-all strategy than responses to other
uncertainty visualizations.

4.2.3 Findings H3: Participants viewing the median mark type
will more consistently produce a mental-averaging response
pattern rather than a winner-takes-all response pattern, re-
gardless of the agreement between the forecasts. To test H3, we
plotted the posterior results of all of the models, grouped by visual-
ization type, in Figure 7. Panel E in Figure 7 presents the results for
the Median Plot, comparing the posterior of the mental-averaging
strategy (selecting the mean of the two forecasts) with the winner-
takes-all strategy (choosing the median of forecast A or B). These
were the only two strategies applicable to the Median Plot, since it
did not convey distributional information and therefore could not
be fairly evaluated using strategies that required it. The analysis
shows that participants who viewed theMedian Plot gave responses
more indicative of the mental averaging strategy (average Δ = 0.67)
than the winner-takes-all strategy (selecting the median of forecast
A or B; average Δ = 3.51), confirming H3. This finding aligns
with prior work showing that people mentally average point-based
numerical forecasts [6], and it provides evidence that these results
generalize to the visualization formats and context tested here.
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Figure 6: Posterior model results (Δ) showing three strategies of the 18 analyzed. (A) Winner-takes-all: participants select one
of the forecasts (A or B). (B) Linear Opinion Pool (LOP; weighted average). (C) Mean averaging of forecasts. Across visualization
types (Density Plots, SD Bands, HOPs, 95% CIs, Median Plots), points indicate posterior means, horizontal intervals denote 95%
credible intervals, and vertical lines show posterior samples. Blue = high forecast agreement, teal = low forecast agreement.

4.2.4 Findings H4: Participants will update their beliefs to-
ward the skewed distributions. We examined the impact of skew
under both the mental averaging and heuristic visual artifact mod-
els, as well as the winner-takes-all models. For mental averaging
and heuristic visual artifacts, skew was assessed through the shape
comparison term in our hierarchical model (see Equation 2). We
included this term to test whether differences between skewed and
normal distributions accounted for meaningful variation in partici-
pants’ responses. Across all models, we found no meaningful evi-
dence that skew accounted for variation in participants’ responses,
as every 95% credible interval included zero. This null result held
consistently for both the mental averaging and heuristic visual
artifact models.

To evaluate skew in the winner-takes-all models, we focused
on strategies that explicitly incorporated skew. Using Figure 7, we
compared participants’ responses to idealized strategies in which
theywould have consistently selected the skewed distributionwhen
paired with a normal distribution, as well as strategies in which
they would have consistently selected the skewed distribution com-
bined with either a smaller or larger standard deviation. For HOPs,
SD Bands, and 95% CIs, participants’ responses compared to the
idealized strategy of selecting the skewed distribution never yielded
lower Δ values than the corresponding strategy of choosing the nor-
mal distribution. The sole exception occurred with Density Plots,
in which participants’ responses were more consistent with the
idealized strategy of selecting the skewed distribution (average high
and low forecast agreement Δ = 3.77, CI = [1.56, 5.95]; Figure 7
Panel A, row Select Skewed) than with selecting the normal dis-
tribution (average high and low forecast agreement Δ = 4.61, CI
= [1.64, 7.60]; Figure 7 Panel A, row Select Normal). However,

when comparing strategies such as choosing the Normal + Smaller
SD (average high and low forecast agreement Δ = 2.43, CI = [0.95,
3.97]) versus the Skewed + Smaller SD (average high and low fore-
cast agreement Δ = 2.58, CI = [1.03, 4.12]), participants’ responses
showed no meaningful differences.

Overall, these results provide no compelling evidence that partic-
ipants systematically incorporated skew into their decision-making.
We therefore reject H4.

4.2.5 Exploratory follow-up: Before turning to H5, which concerns
the second part of the task in which participants placed lines to
indicate the highest and lowest plausible values, we will discuss
the complete set of strategies, including those not directly tied to
our hypotheses.

Two strategies were relatively consistent with participants’ re-
sponses in some cases: one associated with Density Plots and the
other with SD Bands. For Density Plots (Figure 7, Panel A first
row, Intersection), a strategy linked to relatively small Δ values
involved using the point of intersection between the two distribu-
tions as an indicator of the most likely value. Under high forecast
agreement, this strategy was among the most consistent with partic-
ipants’ responses (Δ = 0.89, CI = [0.67, 1.10]). Under low agreement,
however, Δ values increased substantially, driven primarily by cases
in which two broad distributions (each spanning three standard
deviations) produced almost imperceptible visual overlap. Further-
more, we observed a second visualization-specific strategy with SD
Bands (Figure 7 Panel B, fourth row Avg. Center Interval Inner).
If followed, this strategywould involve using the center interval and
then averaging the inner points of that interval (illustrated in Fig-
ure 2, middle of the Heuristic Visual Artifact column). The Average
Center Interval Inner strategy was the fourth most aligned with
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Figure 7: Posterior model results (Δ) for 18 candidate strategies across five visualization types: (A) Density Plots, (B) SD Bands,
(C) HOPs, (D) 95% CIs, and (E) Median Plots. Blue = high forecast agreement; teal = low forecast agreement. Points indicate
posterior means, horizontal intervals denote 95% credible intervals, and faint vertical lines show posterior samples.

participants’ responses for SD Bands, yielding relatively small Δ
values under both high (Δ = 1.34, CI = [1.01, 1.67]) and low forecast
agreement (Δ = 3.55, CI = [3.23, 3.88]). Both of these strategies were
relatively highly aligned with participants’ responses and relied on
salient visual artifacts that varied across visualizations, highlighting
how heuristic features can guide judgments even without a strong
normative basis.

Across visualization types, participants’ responses were also
aligned with strategies that focused on the outer extent of inter-
vals, particularly averaging the closest pair of the furthest visible
points (labeled Avg. Inner Points in Figure 7). This strategy was
consistently aligned with participants’ responses across conditions
and was especially prominent for HOPs (averaged across high and
low agreement Δ = 1.54, CI = [1.19, 1.86]) and 95% CIs (averaged
across high and low agreement Δ = 1.69, CI = [1.10, 2.28]), ranking
fourth overall. For HOPs, participants’ responses were particularly
consistent with a process of mentally retaining the closest samples
from each distribution and comparing those values. Such a simple
heuristic may reduce the cognitive effort required to represent the
full distributions, which may explain why it is highly aligned with
responses for HOPs in both high- and low-agreement conditions.

Taken together, these exploratory analyses indicate that partici-
pants’ responses were aligned with a wide range of strategies, many

of which diverged from normative approaches. Importantly, this
variation highlights that focusing exclusively on idealized strategies
risks overlooking the heuristics and alternative approaches that
people may use when interpreting forecasts.

4.2.6 Findings H5: When uncertainty is shown with static
marks, participants will indicate a range of plausible low-
est and highest values by placing lines near the visual ends
of each mark type. In the second part of the task, participants
placed lines to indicate where they believed the outer extent of the
forecast would be. To illustrate this behavior, we plotted the raw
responses directly on the stimuli for a representative trial, showing
where participants positioned the upper and lower bounds (see
Panel A of Figure 8). Visual inspection suggests that participants
frequently placed these endpoints at or near the visible extremes
of the distributions for 95% CIs, SD Bands, and Density plots.

Interestingly, participants’ responses to Median Plots, which
lack explicit uncertainty, indicated that they did not consistently
place the upper and lower bounds at the edges of the median mark
(see Panel A of Figure 8). Instead, participants appeared to extend
the bounds beyond the mark itself. This pattern reinforces prior
findings [24] that people intuitively infer uncertainty in forecasts



Examining Interpretation Strategies for Multiple Forecast Visualizations with Two and Four Forecasts Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

even when it is not explicitly depicted. However, the way partici-
pants mentally added this uncertainty was highly variable. Another
notable result was that participants’ responses to HOPs aligned
with those of Density Plots (Figure 8 Panel A), demonstrating their
ability to extract complex statistical information from animated
uncertainty representations. Importantly, we did not control view-
ing duration, meaning that even with an uncontrolled number of
samples, participants tended to construct interpretations of the
distributions that closely resembled Density Plots.

To formally test H5, we coded responses within 1.5 units (45
pixels) of the maximum visual boundary as 1 (i.e., selecting the vi-
sual boundary). Because HOPs were animated and their perceived
range varied with viewing time, they were excluded from this anal-
ysis. We then conducted a preregistered binomial logistic multilevel
Bayesian regression. For parsimony, we fit a single model rather
than separate models for upper and lower bounds, deviating slightly
from our preregistered plan by including a predictor for boundary
type (Upper/Lower Boundary). As with the other models, we speci-
fied uninformative priors. The model was defined as follows, using
the same variable definitions as in Equation 2:

Vis Ext𝑖 𝑗 = 𝛽0 + 𝛽1 (Mark Type𝑖 𝑗 ) + 𝛽2 (Forecast Agreement𝑖 𝑗 )+
𝛽3 (Shape Comparison𝑖 𝑗 ) + 𝛽4 (SD Comparison𝑖 𝑗 )+
𝛽5 (Upper/Lower Boundary𝑖 𝑗 ) + 𝛽6 (Graph Literacy𝑖 𝑗 )
+ 𝑢ID[𝑖 ] + 𝜖𝑖 𝑗

(3)

Panel B of Figure 8 shows the posterior distributions from our
analysis, where the x-axis represents the probability of placing lines
at the visual extent of each mark type. This analysis reveals that

participants’ responses to 95% CIs and SD Bands were most often
aligned with strategies that placed boundaries at the visual extents,
likely because these mark types provide the most distinct visual
boundaries. In contrast, only 28–38% of participants’ responses to
Density Plots placed boundaries at the extremes, likely reflecting
the difficulty of discerning their full extent. This pattern persisted
regardless of forecast agreement. We therefore find evidence to
accept H5.

4.2.7 Self-Reported Strategies. Two trained coders independently
reviewed the 500 free-response explanations from Experiment 1,
applying the three a priori strategy classes (data-driven mental av-
eraging, winner-takes-all, heuristic visual artifact) and using open
coding to capture any additional unanticipated strategies. Because
strategies were not mutually exclusive, responses could receive
multiple codes. After the initial pass, coders cross-checked one
another’s work and corrected occasional errors. Figure 9 shows the
proportion of responses assigned to each strategy class (averaged
across coders). Inter-rater reliability was high for all categories:
mental averaging (𝜅 = .94, 𝑧 = 20.70, 𝑝 < .001), winner-takes-all
(𝜅 = .91, 𝑧 = 20.10, 𝑝 < .001), and heuristic visual artifact (𝜅 = .90,
𝑧 = 19.80, 𝑝 < .001). One coder then conducted a second pass
to examine whether finer-grained subcategories could be reliably
identified. Most responses lacked sufficient detail for subcoding,
although we report proportions where subcategories could be in-
ferred.

Because many participants described only one aspect of the task,
our primary analyses focused on coding the main task. However,

Figure 8: (A) Participant placements of lowest (green) and highest (purple) plausible values acrossmark types for a representative
trial. HOPs have no static base plot, but participant responses are included. (B) Posterior estimates of the probability that these
values were placed within 1.5 units of the visual extent, with blue = high forecast agreement stimuli and teal = low forecast
agreement stimuli. Points show posterior means, horizontal intervals denote 95% credible intervals, and faint vertical lines
indicate 200 posterior samples per model. Together, the two panels show that participants commonly placed endpoints at or
near the visible extremes of the distributions for 95% CIs, SD Bands, and Density Plots, but not for Median Plots.
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an unanticipated strategy also emerged from the task where partic-
ipants reported the highest and lowest plausible values, which we
describe in the final section.

Data-Driven Mental Averaging Strategies: The qualitative
coding revealed patterns that closely aligned with the quantitative
results. As shown in Figure 9, participants who viewed the Median,
95% CI, and HOPs displays were more likely to report strategies
consistent with mental averaging than those who viewed Density
Plots or SD Bands. For example, one HOPs viewer explained, “When
making my best estimate on what the forecast would be, I opted to
pick a value in the middle of the two medians because I thought
that would be the most probable range.”

Within this strategy class, participants described two approaches.
Some attempted a mathematical operation, such as estimating a

Figure 9: Proportion of responses coded into each strategy
class (Mental Averaging, Winner-Takes-All, and Heuristic
Visual Artifact) by visualization type. Responses were coded
by independent raters, and categories were not mutually
exclusive, allowing participants to report multiple strategies.
Participants viewing Median Plots, 95% CIs, and HOPs most
frequently reportedmental averaging, whereas responses for
SD Bands and Density Plots showed a more mixed pattern.
Density Plots were most strongly associated with winner-
takes-all responses.

statistical moment (e.g., “I roughly averaged the means,” “I picked
as close to the median of the two bars as possible”; 14.2%). Others
relied on a broader visual judgment (e.g., “I would usually look for
the middle and use that to gauge what I was going to pick”; 29.2%),
reflecting a graph-reading process rather than a formal calculation.
A smaller subset (7.8%) reported more sophisticated methods that
incorporated distributional features such as skew or variability. For
example, one participant explained, “I made my average prediction
based on what I considered to be the ‘average’ of the two forecasts.
If the forecasts were overlapping, I used how they were weighted
(perfect bell or biased left/right) and which had the higher vertical
value, and selected a value that would be the average of both bells
combined.” Weighted mental averaging (LOP) was most common
for Density Plots (23.68%), followed by the 95% CI (21.05%), HOPs
(18.42%), Median Plots (18.42%), and SD Bands (18.42%).

Winner-Takes-All Strategies: The codedwinner-takes-all strate-
gies closely aligned with the quantitative findings as well. As shown
in Figure 9, participants who viewed Density Plots (40%) or SD
Bands (30%) were more likely to report winner-takes-all approaches
than those viewing 95% CIs (10%), HOPs (9%), or Median Plots (4%).
Fifty-two percent of participants who used this strategy reported
selecting the forecast with the smaller standard deviation. For ex-
ample: “...For charts where the two lines didn’t intersect, I just chose
wherever the peak was highest, and if the two peaks were equally high,
I randomly chose one.” Another participant noted, “...I was choosing
which line appeared to have better data (less variance) and choosing
that as the most likely...” Although participants often selected the
forecast with the smaller SD, their explanations typically referenced
the height of the mode (i.e., choosing the “tallest” or “highest” peak),
rather than explicitly focusing on spread.

Heuristic Visual Artifact Strategies: For the heuristic visual
artifact class, participants’ written explanations generally lacked the
specificity needed to distinguish substrategies at the same level of
granularity as the quantitative analysis. Even so, several recurring
patterns aligned closely with the quantitative findings. A common
strategy across all visualization types except the Median Plot (as
this mark was only point-based) involved using the visible extent of
the forecasts to form an approximate average. This approach was
most frequently reported for HOPs (41.18%), followed by Density
Plots (23.53%), 95% CIs (17.65%), and SD Bands (5.88%). These results
mirror the quantitative patterns, in which averaging the inner and
outer bounds showed some of the lowest deltas for HOPs in both
high and low disagreement conditions. As one participant described,
“To make my judgments, I carefully watched the moving lines and
tried my best to memorize the highs and lows...For my estimated guess
of what I thought the forecast would be, I tried to use an approximate
mental average between the highs and lows.”

For Density Plots, the most common heuristic visual artifact
strategy involved using the point where the two distributions inter-
sected as the most plausible outcome. As one participant explained,
“...When the two forecasts overlapped, I assumed that their point of
intersection was the best guess for the outcome of the event....” Among
Density Plot viewers who reported a heuristic visual artifact strat-
egy, 54.29% used this intersection heuristic, followed by 11.42%
who relied on the visible extent of the distribution. This pattern
closely matches the quantitative results, which also identified the
intersection heuristic as the dominant strategy for Density Plots.
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For SD Bands, participants most often anchored their judgments
on the inner interval of the bands. This included averaging the inner
or outer intervals of both bands or selecting their midpoints. One
participant noted, “...if both of the forecasts were within each other’s
range, the plausible values I would put at the beginning and ending
parts of the smallest range.” Among participants whose heuristic
sub-strategy could be inferred, 47.62% reported using this inner-
band heuristic, with the next most common approach being reliance
on the visible extent of the mark (4.76%).

Strategy Switching: Participants frequently reported switching
strategies depending on whether forecasts showed high or low
agreement. The likelihood of using multiple strategies varied by
visualization type, with SD Bands (40%) and Density Plots (39%)
showing the highest rates, followed by 95% CIs (26%), HOPs (21%),
and Median Plots (7%). Participants described this switching ex-
plicitly. One participant noted, “When the 2 forecasts overlapped,
I assumed that their point of intersection was the best guess for the
outcome of the event. When the 2 forecasts did not overlap, I chose
the higher peak of the 2 forecasts.” Another explained, “If the two
predictions were very different I was thinking that one of the pre-
dictions is completely wrong and should be discounted then it was a
matter of just picking one of the very different predictions, I tended
to prefer a more narrow guess of ranges... If the two choices were
very close then I took the average of the two spectrums since they
both kind of reinforced the legitimacy of the other prediction.” This
pattern corroborates our quantitative findings: Density Plots and
SD Bands were most likely to elicit a winner-takes-all approach
when agreement was low, but participants often switched to mental
averaging when agreement was high.

Strategy for High/Low Plausible Values: Open coding revealed
two main approaches participants used when selecting the highest
and lowest plausible values. Because this taskwas not a core focus of
the study, no a priori codes were specified; however, two strategies
emerged consistently. The most common approach aligned with our
prediction that participants would rely on the visible extent of the
mark, placing their upper and lower bounds at the furthest visible
points in the display. A substantial majority of relevant responses
(81.13%) used this straightforward method, while others applied
a modified version in which they located the visual endpoint and
then added a small buffer beyond it or slightly inside it. For example,
one participant wrote, “For the highest plausible value, I picked the
highest number I saw and maybe a tad higher.”

A second, unanticipated strategy reflected a more statistical
intuition (14.15% of relevant responses). Here, participants began
with their predicted value and constructed a range around it that
resembled a confidence interval. They implemented this in varied
ways, such as adding fixed amounts above and below their estimate
or explicitly attempting to approximate a 95% interval. Illustrative
examples include, “I went about in the middle for the initial guess.
Then I went about 10% or so above and below for the higher and lower
guesses.” and “I tried to choose 95% confidence intervals...I tried to
estimate about 2.5% outside of the confidence interval (tails outside
the lowest and highest values).” These descriptions suggest two
overarching perspectives: most participants focused on visually
capturing the full extent of the forecast distribution, while a smaller
subset constructed an interval around their own predicted value.

Figure 10: Posterior distributions for H6, the difference be-
tween responses and the mean mental averaging strategy.
Panel A shows results under high forecast agreement and
Panel B under low forecast agreement, across two and four
forecasts. Circles mark posterior means, horizontal lines
show 95% credible intervals, and vertical lines represent 200
posterior samples. Under low forecast agreement (Panel B),
increasing the number of forecasts from two to four mean-
ingfully shifted responses toward themean strategy (reduced
the Δ) for visualization types that explicitly encode uncer-
tainty (95% CIs, Density Plots, SD Bands, and HOPs). Increas-
ing the number of forecasts had no meaningful effects in
other conditions.

4.2.8 Findings H6: Multiple forecast visualizations with four
forecasts will exhibit a greater occurrence of the mental- aver-
aging response pattern compared to those with only two fore-
casts, which will be more pronounced with high forecast agree-
ment. To test this hypothesis, we applied the same Bayesian model
and data processing procedures described in Equation 2, but using
data from Experiment 2, which included four forecasts. We focused
specifically on the mean mental averaging strategy, as it was among
the most common in Experiment 1 and aligned with our prereg-
istered hypothesis. Figure 10 presents samples from the Bayesian
posterior distributions, organized by forecast agreement (left panel
high agreement and right panel low agreement). For each mark
type, results from conditions with four forecasts and two forecasts
are plotted on the same line to facilitate comparison.

Our analysis provides partial support for the hypothesis that fore-
casts with four distributions would make participants’ responses
more indicative of a mental averaging approach, but only under
low forecast agreement and for mark types that incorporated un-
certainty. As shown in Figure 10, the number of forecasts did not
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influence participants’ responses to the Median Plot under either
high or low forecast agreement. However, under low forecast agree-
ment, participants’ responses to 95% CIs, HOPs, SD Bands, and
Density Plots showed meaningful separation in the posterior dis-
tributions between two- and four-forecast conditions. Thus, H6 is
only partially supported.

5 DISCUSSION AND FUTUREWORK
In this work, we conducted two carefully controlled experiments
using empirically validated elicitation measures to examine how
people interpret multiple forecast visualizations and report their
best guesses of future outcomes. Our aim was to isolate the percep-
tual and cognitive effects of the visualization techniques themselves.
To do so, we adopted a context-free design that establishes a base-
line understanding of how people interpret multiple forecasts in the
absence of domain cues. Domain-specific scenarios (e.g.,weather, fi-
nance, health) can introduce strong biases and idiosyncratic reason-
ing that obscure these underlying perceptual effects. This baseline
is therefore essential: without it, disentangling whether observed
behaviors arise from visualization designs or from domain-specific
beliefs is difficult. The foundational patterns we uncover in this
paper will enable forecasters and designers to anticipate a baseline
with which their forecasting contexts might interact, amplify, or
attenuate. Throughout both studies, we identified clear quantita-
tive patterns and explicit participant descriptions indicating several
distinct strategies, which shifted systematically depending on the
visualization type and the properties of the forecasts.

Consistent with prior research on text-based forecasts [6], par-
ticipants’ responses were often indicative of a mental integration
strategy, particularly when interpreting 95% confidence intervals,
median forecasts, and HOPs. A substantial proportion of partic-
ipants also directly reported attempting to mentally average the
forecasts. At the same time, a sizable proportion of participants’
responses were aligned with a winner-takes-all approach, in which
participants judged one forecast as more likely rather than inte-
grating across forecasts. This tendency was especially pronounced
for density plots and SD bands under low forecast agreement. In
addition, participants’ responses were also aligned with heuristic
strategies driven by salient visual artifacts, such as focusing on
crossover points or end caps, consistent with prior work on vi-
sual proxy strategies [23, 26, 39, 55]. These strategies were more
common when such artifacts were visually prominent.

A key contribution of this work is the examination of the lesser
studied winner-takes-all strategy. One participant explained this
reasoning clearly: “If the two predictions were very different I was
thinking that one of the predictions is completely wrong and should be
discounted then it was a matter of just picking one of the very different
predictions...” A recent 50-year review details several approaches for
down-weighting or excluding poorly performing forecasts [51]. It is
plausible that some members of the general public intuitively adopt
a similar logic. At the same time, we remain neutral regarding the
“correctness” of any particular response strategy. Forecasting schol-
ars consistently emphasize that no single combination method is
universally optimal (e.g., [9, 51]), and that the appropriate approach
depends on factors such as data structure, model quality, diversity
among model assumptions, and the specific forecasting problem at

hand [51]. Given this lack of consensus, it is essential to document
how visualization techniques afford some strategies more readily
than others [15], thereby providing forecasters and designers with
evidence to guide their selection of visualization techniques that
best support their intended goals.

In analyzing 18 possible strategies, we identified a subset of con-
flicting approaches in which many participants relied on perceptual
artifacts of the visualizations rather than underlying distributional
information. These strategies include identifying the intersection
points of density plots, focusing on the endpoints of 95% CIs, and us-
ing the center bands of standard deviation intervals to approximate
central tendencies (see Figure 2, right for example illustrations).
These visual heuristic strategies align with prior findings that view-
ers often depend on visualization proxies to infer values [23, 39, 55].
These heuristics pose issues because the visual features on which
the participants focus vary across different visualizations, intro-
ducing significant unintended variability in the way people reason
about multiple forecasts.

We also observed evidence of a visual-proxy–based deterministic
construal error in participants’ responses when interpreting fore-
casts’ range. Responses often aligned the upper and lower bound-
aries with the visual extremities, particularly for mark types with
clearly defined edges. This pattern suggests a bias toward boundary
anchoring or the use of endcaps as proxies for data limits. Notably,
participants rarely placed upper and lower bounds near the visual-
ized line of the median plot, consistent with prior research showing
that people infer uncertainty even when it is not explicitly con-
veyed [24]. These findings provide concrete evidence to illustrate
the broad range of additional uncertainty participants applied to
forecasts.

Based on the results of this work, we provide the following
design recommendations for designers who wish to use multiple
forecast visualizations to communicate competing forecasts. These
suggestions highlight how visualization choices can shape users’
interpretation and integration of forecast information:

• Align visualization types with desired strategies. Our
results showed that HOPs, 95% CIs, and median plots consis-
tently encouraged mental averaging strategies in both high-
and low-agreement conditions. In contrast, density plots and
SD bands led participants to alternate between mental av-
eraging and a winner-takes-all strategy depending on the
level of agreement between forecasts (Sections 4.2.1, 4.2.2,
and 4.2.3). Designers seeking to consistently promote mental
averaging of forecasts should use HOPs, 95% CIs, or mean
plots. Likewise, the LOP strategy (i.e., performing a mental
weighting function that incorporates differences in standard
deviation and skew) is more likely to be evoked when using
HOPs and 95% CIs under high forecast agreement conditions
than density plots and SD bands. This strategy represents
the most statistically advanced method we considered for
mentally averaging forecasts.

• Use more forecasts to encourage mental averaging.
When participants viewed four forecasts, they were more
likely to adopt mental averaging strategies compared to two-
forecast conditions (Section 4.2.8). This finding suggests that
increasing the number of forecasts displayed can nudge users
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toward a mental averaging technique rather than a winner-
takes-all approach.

• Anticipate winner-takes-all strategies. Density plots and
SD bands led participants to adopt a winner-takes-all strat-
egy more often under low agreement, selecting a single
distribution rather than integrating across forecasts (Sec-
tion 4.2.1). Designers should be aware of this tendency and
consider providing additional information to support users
who adopt a winner-takes-all approach. For example, pre-
senting metadata about forecasters or model properties (e.g.,
historical accuracy or reliability) could help users more effec-
tively calibrate which forecast to prioritize. We found that
participants often preferred the forecast with the smallest
standard deviation, suggesting that they may be inclined to
use contextualizing information about forecast properties
when applying this strategy.

• Account for perceptual heuristics. Participants frequently
relied on visual artifacts such as intersections in density plots
or inner bands in SD bands when making judgments (Sec-
tion 4.2.5). These perceptual heuristics strongly influenced
their interpretations.

• Be aware that mark span shapes perceived uncertainty.
In the range-elicitation task, participants often assumed that
the extent of possible outcomes ended near the farthest vis-
ible extent of the mark (Section 4.2.6). For example, when
viewing SD bands, participants inferred a broader range of
outcomes than when viewing 95% CIs, indicating that the
span of the mark strongly shaped their assumptions about
uncertainty. Designers should be aware of this tendency and
the inconsistency it introduces across visualizations. Inter-
estingly, a smaller subset of participants reported attempting
to mentally construct their own confidence intervals. If ap-
plied consistently, this strategy would be less dependent on
the visual extent of the mark. Future work could explore
whether prompting or supporting this kind of interval-based
reasoning improves the reliability of range judgments.

• Make uncertainty explicit.We also found that when no
uncertainty information was shown (e.g., median plots), par-
ticipants nonetheless assumed that uncertainty was present
(Section 4.2.6). By explicitly visualizing uncertainty, design-
ers can ground these assumptions in the data and more effec-
tively support accurate reasoning about the plausible range
of outcomes.

In conclusion, these findings underscore that visualization de-
sign choices strongly shape the strategies viewers adopt. Although
no single strategy is universally optimal, our results demonstrate
that specific visual encodings systematically encourage particular
reasoning approaches, sometimes in ways unintended by designers
and not aligned with normative reasoning. This highlights both
the power and responsibility of visualization design: thoughtful
choices can scaffold intended strategies for interpreting multiple
forecasts, whereas poorly matched designs may elicit unanticipated
approaches. Importantly, our results provide empirical guidance to
help designers make informed decisions about the strategy-level
implications of their forecast communication choices.

5.1 Future Work and Limitations
Applying the elicitation measure from Speirs-Bridge et al. [49]
yielded consistent findings when participants directly placed lines
on the stimuli. This direct-annotation approach differs from prior
expert-elicitation studies, where experts typically report numerical
values rather than marking estimates directly on a visualization. We
adopted annotation because pilot testing indicated that it was easier
for the general public. However, this choice introduces important
considerations: asking participants to explicitly form and external-
ize a prediction may change how they reason about the forecasts
compared to more naturalistic settings. Externalizing a judgment
could either shift interpretation or, alternatively, help participants
clarify otherwise imprecise intuitions. Future work should examine
the benefits and limitations of prompting laypeople to make explicit
visual annotations.

Participants also struggled with question 4, which asked, “How
confident are you that your range, from lowest to highest, could
capture the true outcome of the future event?” We do not report
the results of this question due to substantial variability, suggesting
that it was likely confusing or exceeded participants’ knowledge.
Unlike experts, who could calibrate their confidence intervals ef-
fectively [13, 16], the general public faced challenges, highlighting
a potential gap in understanding that future studies could address.
This question’s data may be found in the Supplemental Materials.

Along similar lines, this work’s scope does not include testing
multiple forecast visualizations in different contexts. In the experi-
ments we present, we prioritized rigorous experimental controls
over ecological validity. For multiple forecast visualizations, fur-
ther research is needed to test their use in more contexts, as the
impact of individual forecasts is likely highly dependent on the
specific context in which they are presented. However, this study
provides foundational knowledge collected in a controlled envi-
ronment, which can serve as a baseline to determine how these
findings translate to more ecologically valid settings.

Our investigation was also constrained by the specific design
choices tested. We only examined scenarios in which multiple fore-
cast visualizations were co-located in one plot. The applicability of
our findings to situations for which forecasts are distributed across
several plots, as in the case of small multiples, remains unclear.
Furthermore, the limited depth in Experiment 2 suggests the need
for a more comprehensive examination of how response patterns
adjust with an increase in the number of forecasts presented. Future
research should pursue a more detailed analysis in this area.

6 CONCLUSION
Our study offers insights into how multiple forecast visualizations
influence public interpretations of forecasts. We found that small
changes in visual design and forecast selection can significantly
alter viewers’ interpretation strategies, demonstrating that humans
do not always combine forecasts in statistically optimal ways. Our
research emphasizes the importance of aligning visualizations with
human reasoning by documenting interpretation strategies and the
conditions under which they change.
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