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People hold their opinions and evaluations of objects with varying degrees of certainty. Understanding the
nature of evaluation certainty is important, as it is a strong predictor of behavior. Several factors that impact
certainty have been identified in past research, including value positivity, value extremity, and consistency in
value-relevant evidence. However, whether these factors contribute uniquely to certainty or are statistically
confounded remains unknown. The present work discusses four experiments (total N = 372) to disentangle
these factors by leveraging the phenomenon of ensemble perception. We created pairs of ensembles (food
baskets and retail good bundles) that are experimentally equalized on value positivity, value extremity, or
evidence consistency, while systematically varying in evaluation certainty or evidence consistency. The
results show independent contributions of value positivity and value extremity, but not evidence consistency,
on ensemble evaluation certainty. Neither of the equalized factors fully accounts for evaluation certainty in
the created ensembles, suggesting that it is a complex construct influenced by multiple independent factors.

Public Significance Statement
In today’s world, characterized by an overwhelming variety of choice alternatives, understanding what
drives certainty in the evaluations of these alternatives is crucial. High certainty in evaluations leads to more
stable attitudes and behaviors, which are less likely to change over time. This research directly addresses the
complex nature of evaluation certainty, a poorly understood yet critical aspect of decision making. By
identifying and isolating three specific factors that could contribute to certainty—value positivity, value
extremity, and evidence consistency—this study not only advances our theoretical understanding but also
has practical implications. For instance, better insights into evaluation certainty can help in designing more
effective interventions aimed at promoting sustainable and healthy behavior. Thus, by providing crucial
insights into the underpinnings of evaluation certainty, this research paves the way for strategies that could
influence people’s evaluations and attitudes in more predictable and enduring ways.
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Many decisions that people make on a daily basis are instances of
so-called value-based decisions that lack objectively correct an-
swers, but instead depend on the subjective value that a decision-
maker ascribes to the available alternatives, for instance, when

selecting a tasty meal or an entertaining movie (Kahneman &
Tversky, 1979; Martino & Cortese, 2023). According to current
theory, subjective value is determined through an evidence accu-
mulation process. In this process, a person samples value-relevant
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information from past experiences with an object. This information
is then used to compare available alternatives (see Bakkour et al.,
2019; Shadlen & Shohamy, 2016; Weber & Johnson, 2006; but see
Hayden&Niv, 2021; Stewart et al., 2006, for alternative models that
do not involve value comparisons). This evidence-sampling-from-
memory account does not imply that evaluation is entirely sub-
jective. For instance, when observing an apple, objective perceptual
qualities of the apple, such as color, smell, and shape, can provide
important information about the quality of the apple. However, these
perceptual qualities can only provide information to an extent that
the evaluator can relate these perceptual qualities to previous ex-
periences (except potential innate associations, such as avoiding
molded or rotten food). For example, without any prior experience on
what perceptual qualities relate to the appetitiveness of an apple, a
person would not be able to utilize this information, while a merely
perceptual judgment of the color or size of the apple would not
require such prior experiences. Indeed, instead of value- versus
perceptual-based, evaluations of stimuli can be classified as repre-
sentation-based (i.e., whether a mental representation of the stimulus
is involved, e.g., evaluating the tastiness of food) versus stimulus-
based (i.e., whether the evaluation can be made simply on the
stimulus level, e.g., size or color, but also judging the pleasantness of
a painting at the art gallery; Smith & Krajbich, 2021).
Importantly, even when initial perceptual information is available

to guide value-based (or representation-based) evaluations, the
available value-relevant evidence is imperfect. A priori, the taste of
any specific apple can neither be perfectly predicted solely based on
color and smell nor solely based on past experiences. Hence, people
will generally feel some degree of uncertainty about their evalua-
tions of an object (Koriat, 2024).
Certainty in evaluations is a key predictor of the stability and

consistency of choices (Folke et al., 2016), attitudes, and opinions
(DeMarree et al., 2020; Petrocelli et al., 2007; Tormala & Rucker,
2018). Certainty in evaluations can be influenced by a variety of
factors (see Brus et al., 2021; Kiani et al., 2014; Koriat, 2012; Kvam
& Pleskac, 2016), but particularly strong predictors of evaluation
certainty are the positivity of object values (Lebreton et al., 2015;
Lee & Hare, 2023) and value extremity (Polanía et al., 2019), with
more positive and extreme values relating to higher certainty.
Yet, it is unclear whether these relations are causal or correlational

(Folke et al., 2016), and despite the well-documented impacts of
certainty on subjective values and resulting decisions (Tormala &
Rucker, 2018), pinpointing the exact contributors to evaluation
certainty is difficult. One key issue is that experimenters often lack
access to the experiences underpinning evaluations and certainty.
These experiences, however, could be important to understand how
certainty arises, and it has been suggested that the consistency of
such experiences mainly determines certainty (Quandt et al., 2022).
Interestingly, the apparent relation between value extremity and

certainty could also be caused by precisely this consistency of
experiences. Specifically, in most experiments of preferences,
people report their evaluations on any bounded scale (e.g., Bakkour
et al., 2019; Krajbich et al., 2010; Lee & Coricelli, 2020). If we posit
that these evaluations represent the average value of the sampled
evidence, and assuming that the sampled values fall inside the same
scale, for values to be extreme, they also must be very consistently
extreme. For objects that are not of extreme value, however, the
potential variance of evidence samples is less constrained, and there
need not be a relation between the degree of extremity and certainty.

Thus, if certainty were mainly determined by the consistency of
values, this would automatically result in a correlation between
observed evaluation extremity and evaluation certainty.

Figure 1 (left) presents a simulation to illustrate this point. For the
exact details of the simulation, see the Supplemental Material.
Assuming that evidence is sampled on a bounded evaluation scale1

and that people report the average value of the sampled experience
as their evaluation, the variance that samples of value-relevant
evidence can take is limited by the position of the evaluation on the
scale. The possible variance of evidence samples is very small close
to the endpoints of the scale and increases strongly toward the
midrange. This results in a strong association between evaluation
extremity and evaluation certainty, which is, however, driven by the
necessity of having consistent (i.e., low variance) evidence samples
at the extreme ends of the evaluation scale. For most of the scale
range, where this necessity is less pronounced, there is only a weak
association between evaluation extremity and evaluation certainty.
Yet, in this range, where evidence samples are allowed to be
consistent or inconsistent up to the possible variance on this point of
the scale, evaluation certainty is still strongly determined by the
consistency of evidence samples. As a result, the relation between
evaluation extremity and evaluation certainty is not a direct one, but
rather a byproduct of the necessity of consistent evidence samples
for extreme evaluations. However, as we can usually not observe the
consistency of evidence samples, it is difficult to estimate the exact
contribution of evaluation extremity on evaluation certainty.

To provide further intuition, imagine a person evaluating the
appetitiveness of a food item as 95 on a 100-point scale. Now, if we
assume that the evaluation represents the average of some underlying
sample of value-relevant evidence on the same 100-point scale, the
possible variance of the sampled evidence must be very small to
result in an average of 95. This means that the sampled evidence
must be very consistent, which would lead to a high certainty in the
evaluation. However, if the person evaluates a food item with a value
of 50, the possible variance of the sampled evidence is much larger,
and the sampled evidence can be much less consistent, which would
lead to lower certainty in the evaluation. The simulation demon-
strates this point by showing how observing a given evaluation
restricts the possible variance of the sampled evidence.

To some extent, this might also explain observed correlations
between value positivity and value certainty in the literature
(Lebreton et al., 2015; Lee & Hare, 2023). Specifically, when
people’s evaluation of most items in a study is positive, extremity
and positivity would be positively correlated. Hence, any correlation
between extremity and consistency could spill over to value posi-
tivity in a set of mostly positively evaluated items. This pattern
complicates any conclusions about independent contributors to
value certainty from experiments in which certainty, positivity, and
extremity have not been explicitly unconfounded.

The main objective of this article is to systematically eliminate
potential confounds across predictors of evaluation certainty, such
as evaluation extremity and evaluation positivity, to infer whether
these factors are unique contributors to evaluation certainty. To this
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1 It should be noted that when not assuming that the sampled evidence is
restrained to the scale of the reported evaluations, the argument about limited
variance of evidence samples at the scale endpoints would not necessarily
apply, and there could be different reasons for a relation between evaluation
extremity and certainty (Polanía et al., 2019).
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end, we leverage the phenomenon of ensemble perception. Ensemble
perception describes the phenomenon that the visual system tends to
encode summary representations (i.e., statistical moments) of grouped
stimuli, especially when an overarching representation can be formed
from these objects (Whitney & Yamanashi Leib, 2018). Intuitive
examples of ensemble perception are perceiving a combination of
many trees as a forest or a group of people as a crowd. Experimentally,
ensemble perception has been demonstrated on low-level visual per-
cepts such as people encoding the average motion, brightness, or
orientation in a set of objects (Bauer, 2009; Watamaniuk & Duchon,
1992) and on higher level percepts such as encoding the average
emotional state of a crowd of faces (Haberman et al., 2009).
Ensemble perception extends to evaluations of objects, too. For

instance, ensemble perception has been demonstrated when people
judge the attractiveness of a crowd of faces (Walker & Vul, 2014) or
the average price in a set of consumer goods, even if participants did
not explicitly remember the individual goods (Yamanashi Leib et
al., 2020). Importantly, it has been shown that these ensemble
evaluations constitute an integration of the average value of all items
in the ensemble rather than relying on exemplar items or merely a
subset of the items (Yamanashi Leib et al., 2020). Here, we leverage
this phenomenon as a methodological tool to combine multiple
objects into ensembles to investigate how the certainty of evalua-
tions of these ensembles would differ for ensembles that are matched
on some average characteristic of the objects in the ensemble, such

as value positivity or value extremity, to investigate whether
equalizing these factors would result in equal evaluation certainty.

Crucially, for individual objects, equal value positivity and extremity
are merely observed quantities. By combining items into ensembles,
however, we can systematically construct pairs of ensembles that are
equal on, for example, value positivity or value extremity to experi-
mentally investigate the impact of these factors on evaluation certainty.
For instance, as Figure 1 (right) demonstrates, it is possible to create
pairs of ensembles that are of equal value positivity (in terms of the
average value positivity of the items contained in the ensemble), while
the items in the ensemble have different evaluation certainty. This
allows for testing whether, if people evaluate the ensemble, the dif-
ferences in certainty between pairs (i.e., the dots connected by light-red
lines in Figure 1) would remain or whether, because of equalizing value
positivity, there would be no remaining differences in evaluation cer-
tainty of the ensemble. Hence, if there were no more differences in
evaluation certainty between the ensemble pairs, this would strongly
suggest that value positivity would be themain contributor to evaluation
certainty.

In four experiments, we systematically construct ensembles of
everyday objects (foods and consumer goods; henceforth referred to
as the components of an ensemble) to investigate the factors con-
tributing to evaluation certainty by systematically varying potential
contributors to evaluation certainty, while experimentally equalizing
other potential contributors. Specifically, we focus on disentangling
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Figure 1
Simulated Item Evaluations With Certainty and Resulting Value-Matched Ensemble Pairs
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Note. Left panel: Simulation of object evaluations (x-axis) and evaluation certainty (y-axis) by a theoretical evaluator. The color of dots indicates the
consistency of the sampled evidence used in each object evaluation. The consistency of sampled evidence is constrained by evaluation extremity (see the
Supplemental Material for details on simulation). Certainty is directly determined by consistency plus an error term representing unobserved influences on
certainty. The red regression lines indicate the relationship between evaluation and evaluation certainty, divided into six bins across the x-axis. There is a strong
relation between evaluations and certainty toward the endpoints of the scale (i.e., for high evaluation extremity), but no significant relationship in the midrange.
The color progression across the y-axis shows how certainty is determined by consistency throughout the entire scale range. Right panel: Pairs of 20 ensembles
are created from the simulated objects by clustering objects with similar evaluations and grouping themwithin clusters to maximize the difference in evaluation
certainty within pairs. This results in value-matched pairs of ensembles that can be used to investigate the impact of consistency on evaluation certainty between
the matched pairs (connected by light-red lines), while experimentally eliminating the impact of the matching variable (i.e., item evaluations). See the online
article for the color version of this figure.
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the effects of consistency within and between subjective values of
components in an ensemble, value positivity and extremity, and
direct effects of component evaluation certainty on ensemble
evaluation certainty. Table 1 provides an overview of which factors
were equalized and varied in the different experiments, and the
Ensemble Creation part of the Methods section provides details
about the algorithm used for creating the ensembles. To foreshadow
the results, we find unique impacts of value positivity, value
extremity, and the consistency between, but not within, components
on ensemble evaluation certainty. Moreover, there are persistent
effects of component evaluation certainty on ensemble evaluation
certainty when equalizing both value positivity and value extremity.
These findings indicate a complex and partially independent inter-
play of factors in shaping certainty in evaluations.

Experiment 1

First, before applying the ensemble-matching approach outlined in
the introduction and displayed in Figure 1, we aimed to provide an
empirical justification for investigating evaluation certainty in en-
sembles. Specifically, we wanted to investigate whether certainty in
component evaluations (henceforth component certainty) would
predict certainty in ensemble evaluations (henceforth ensemble
certainty), analogous to previous findings on ensemble evaluations
(Whitney & Yamanashi Leib, 2018; Yamanashi Leib et al., 2020).
Second, we examined whether ensemble certainty would be driven
by the consistency of between-component evaluations in the
ensemble (henceforth between-component consistency). The ratio-
nale behind this is that during evaluation, ensembles with lower
between-component consistency might be more difficult to evaluate,
leading to lower certainty in the evaluation. As we were not mainly
interested in these difficulty effects, we wanted to test whether,
beyond these effects, there would be a persistent effect of component
certainty on ensemble certainty, as we would expect from integration
of component certainty during ensemble evaluation.
To investigate this, we created ensembles of items that varied in

component certainty and between-component consistency.

Method

Transparency and Openness

We report all data exclusions, manipulations, and measures in the
study that were specified in the respective experiments’ preregistrations.
To comply with Transparency and Openness Promotion guidelines, we
share all data, materials, and analysis scripts on the Open Science
Framework (OSF) at https://osf.io/9y38n/ (Quandt et al., 2025). The

preregistrations for each specific study are available under the afore-
mentioned link. The study protocol was approved by the Ethics
Committee of the Faculty of Social Sciences of Radboud University,
and all participants provided informed consent. The implemented
experimental protocols are shared as jsPsych (de Leeuw, 2015) program
code, including dependencies, in the OSF repository. The analysis plan
was followed as specified in the preregistrations. All exceptions to this
are explicitly pointed out in the article. The materials used in the
experiments are also available in the program code folders on the OSF
repository. No preexisting data were used in this study. All collected
data were anonymized and shared in the OSF repository, both as
anonymized unprocessed data and processed data, including codebooks
and processing steps as R Markdown files. The article is written in
R Markdown using the papaja package (Aust & Barth, 2024) and can
be exactly reproduced by downloading the R Markdown file and the
associated model fitting scripts from the OSF repository. The R
environment, including all package versions, is shared in the repository
as an renv (Ushey & Wickham, 2025) lock file that can be used to
reproduce the analysis environment. Further details about used software
and analysis packages are provided in the Data Analysis section.

Participants

We ran an a priori sensitivity analysis using the approach described
in Westfall et al. (2014), taking 71 participants as the desired sample
size based on budget constraints (preregistered), allowing us to detect
effects of d = .47 and larger. We collected a sample of Dutch par-
ticipants on Prolific (https://www.prolific.com). Due to technical
problems, the data of one participant were not correctly saved. Nine
additional participants were excluded according to preregistered
exclusion criteria, resulting in a final sample size of 61 participants (21
female, 39 male, one nonspecified [free-response box];Mage = 27.20,
SDage = 7.91).

Materials and Procedure

The stimulus material consisted of 60 pictures of fruits and ve-
getables that we considered to be well-known throughout various
countries. An overview of all items was presented prior to the
evaluation task.

Component Evaluation Task. In the first task, 60 food items
were presented to participants in a random order, asking them to rate
how much they would “like to receive this food.” Even though the
experiment was conducted online, and participants would not
receive the vegetables or fruits for actual consumption, they were
told to provide an answer based on their feeling of wanting to receive
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Table 1
Equalized and Varied Factors Across the Four Experiments

Experiment Component equalized factor Component varied factor Matching method

Experiment 1 Evaluation certainty Two-step sorting
Between-component consistency

Experiment 2 Value positivity Evaluation certainty K-means clustering
Experiment 3 Value positivity Evaluation certainty K-means clustering

Value extremity Evaluation certainty
Experiment 4 Value extremity Within-component evaluation consistency K-means clustering

Within-component evaluation consistency Value extremity
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the food. After each evaluation, participants indicated their certainty
in their evaluation. Both answers were assessed on a 0 (not at all) to
200 (very much) scale. Participants could skip evaluations for up to
10 items that they did not know. The number 10 here was chosen
arbitrarily based on our assumption that people would know almost
all the presented food items. In line with this, only a single person
skipped 10 items, with the median participant skipping two items.
Food Ensemble Creation. Food ensembles were created using

a two-step sorting algorithm (see Figure 2) and presented in the form
of food baskets to participants. In Step 1, for each participant, the
items were ranked based on component certainty. After ranking, the
items were divided into a low-certainty, medium-certainty, and
high-certainty category. In the second step, the items within each of
the three categories were ranked based on evaluations from the
component item evaluation task and again divided into three cat-
egories: a low-value category, a medium-value category, and a high-
value category. Using these categories, five ensembles of four
different types were created, each including three items:

1. Low component certainty/low between-component con-
sistency ensembles including three items from the low-
certainty item category from Step 1: one low-certainty/
low-value item, one low-certainty/medium-value item,
and one low-certainty/high-value item, resulting in a high
standard deviation across evaluations, and hence low
consistency.

2. Low component certainty/high between-component con-
sistency ensembles including three items from the low-
certainty category, but now including only low-, medium-,
or high-value items in a respective ensemble, resulting in a
low standard deviation across evaluations, and hence high
consistency.

3. High component certainty/low between-component con-
sistency ensembles, which are identical to the ensembles
under 1, but including only the high-certainty items from
the sorting in Step 1.

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

P
sy
ch
ol
og
ic
al

A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

A
ll
ri
gh
ts
,
in
cl
ud
in
g
fo
r
te
xt

an
d
da
ta

m
in
in
g,

A
I
tr
ai
ni
ng
,
an
d
si
m
ila
r
te
ch
no
lo
gi
es
,
ar
e
re
se
rv
ed
.

Figure 2
Schematic of the Ensemble Creation Procedure Across Experiments

Note. Top left: Objects (food items in Experiments 1 and 2, retail items in Experiments 3 and 4) here are
depicted as letters, plotted by potential evaluations (x-axis) and evaluation certainty (y-axis). Right side, top to
bottom: Experiment 1 involves ranking items by evaluation certainty and then creating ensembles based on
certainty, followed by between-component consistency, with example ensembles shown in the lower right
corner. Lower left: Example ensembles from Experiments 2–4 use a clustering algorithm to form ensembles by
clustering items within narrow value ranges (shaded areas), selecting value-matched high- and low-certainty
items to create pairs. CEC = component evaluation certainty; BCC = between-component consistency. See the
online article for the color version of this figure.
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4. High component certainty/high between-component con-
sistency ensembles identical to 2, but only selecting high-
certainty items.

Ensemble Evaluation Task. In the second task, the 20 created
ensembles were presented to participants in random order, with
three repeated ratings, with the presentation position of items rotated
in each rating to account for presentation order effects. Participants
were asked how much they would like to receive for each ensemble
and how certain they were in this assessment.

Data Analysis

The data were analyzed using Bayesian linear mixed-effects
models in the probabilistic programming language Stan (Carpenter
et al., 2017; Gabry & Češnovar, 2021), using the brms package
(Bürkner, 2017) in R (Version 4.4.2, R Core Team, 2021). As cer-
tainty rating data are often skewed (see Quandt et al., 2022), we fitted
a β-binomial response distribution model (see the Supplemental
Materials). To investigate the hypotheses that between-component
consistency and component certainty would predict ensemble cer-
tainty, we predicted certainty in ensemble evaluations on a 200-point
scale by the created component certainty and between-component
consistency conditions. Note that this is a deviation from the pre-
registration, where we planned to use component certainty and
between-component consistency (as the standard deviation of eva-
luations of items in the ensemble) as numerical predictors instead of
factorizing them. This deviation and others that are discussed in the
Supplemental Materials were made for readability and conceptual
clarity. The preregistered models were also run and did not differ in
terms of conclusions. For formatting results and the entire article, the
papaja R package (Aust&Barth, 2024) was used. Aswe report results
of Bayesian models, instead of p values, we report posterior pro-
portions (pp). For effects predicted to be positive, we report pp−, the
posterior proportion that is negative (i.e., opposite to the prediction),
while reporting pp+, the positive proportion of the posterior, for
effects predicted to be negative. This makes reading these values
somewhat similar to p values, though their interpretation is not
entirely equivalent (see glossary in the Supplemental Materials). All
reported experiments were approved by the Ethics Committee of the
Faculty of Social Sciences of RadboudUniversity, and all participants
provided informed consent. The preregistrations of all experiments,
their materials, and anonymized data, can be found on the OSF under
https://osf.io/9y38n/.

Results

Main Analyses

We predicted (preregistered) that high (vs. low) component cer-
tainty would positively predict ensemble certainty and that high
(vs. low) between-component consistency would also positively
predict ensemble certainty. In line with this (see also Figure 3A),
participants were more certain in their evaluations of ensembles with
high-certainty components than low-certainty component ensembles
(estimate = 0.15, 95% CI [0.10, 0.21], pp− < .001). Similarly, high
between-component consistency (estimate = 0.05, 95% CI [0.03,
0.07], pp− < .001) resulted in higher ensemble certainty compared to
low between-component consistency. A credible interaction between
the predictors (estimate = 0.05, 95% CI [0.03, 0.07], pp− < .001)

indicated that the differences in ensemble certainty were stronger on
the component certainty dimension than on the between-component
consistency dimension (see Figure 3A). This result was corroborated
by k-fold cross-validation (reported in the Supplemental Materials),
showing that component certainty provided better predictions of
ensemble certainty than between-component consistency.

Exploratory Analyses: Including Value
Positivity and Value Extremity

Next, we explored how the results would change if we included
value positivity and value extremity as predictors of ensemble
certainty to get a first glance at whether these factors would con-
tribute to ensemble certainty independently of component certainty.
When including value positivity and value extremity as predictors,
the results significantly changed. There was no difference in
ensemble certainty anymore between high versus low component
certainty ensembles (estimate = 0.03, 95% CI [−0.18, 0.24], pp− =
.408) and no difference in ensemble certainty between high versus
low between-component consistency ensembles (estimate = −0.02,
95% CI [−0.08, 0.03], pp− = .799). Instead, there were credible
differences in ensemble evaluation certainty for value positivity
(estimate = 0.25, 95% CI [0.02, 0.47], pp− = .017) and value
extremity (estimate = 0.54, 95% CI [0.38, 0.70], pp− < .001).

Discussion

Experiment 1 demonstrates that ensemble perception effects
(Whitney & Yamanashi Leib, 2018; Yamanashi Leib et al., 2020)
generalize to the domain of evaluation certainty, complementing
previous literature showing that certainty in specific attributes of
objects independently contributes to overall certainty (Lee & Hare,
2023). Moreover, these effects extend beyond the integration dif-
ficulty of component values, as the effect of component certainty on
ensemble certainty was stronger than the effect of between-com-
ponent consistency. Together, these results suggest that ensemble
certainty is integrated from component certainties.

However, the question remains what drives the effect of com-
ponent certainty on ensemble certainty. Without experimentally
equalizing value positivity and extremity, we cannot be sure that
component certainty directly determines ensemble certainty or
whether there is a confounder that determines this relation, such as
value positivity or value extremity.In Experiment 1, when including
value positivity and value extremity as predictors, there was no
remaining effect of component certainty and between-component
consistency, which could suggest that these effects are confounded.
While we did not find statistical evidence for multicollinearity to
support a confounded relation (all variance inflation factors < 2),
making arguments about causal relations based on statistical
changes when including additional predictors in a model is difficult
and often problematic (Westfall & Yarkoni, 2016). This is exactly
why it is important to experimentally disentangle the individual
contribution of potential factors that could drive the effect of
component certainty on ensemble certainty.

Hence, in Experiments 2 and 3, we equalized the value positivity
and value extremity of the items in the ensembles but varied
component certainty. This allows for directly probing the persistence
of component certainty effects on ensemble certainty, even after
experimentally removing any potential effect of value positivity and
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value extremity. Additionally, we hypothesized that one important
contributor to evaluation certainty could be the consistency of value-
relevant evidence, which would be sampled during the evaluation
process. Such a relation has, for example, been demonstrated by Lee
and Hare (2023), who found that evaluation certainty was higher for
objects that were rated on multiple dimensions when evaluations
across the dimensions were more consistent. Hence, in Experiment
4, we investigated whether, similar to component certainty, the
consistency of repeated evaluations within each component would

directly predict ensemble certainty, even when equalizing value
extremity.

Experiment 2

In Experiment 2, we aimed to investigate whether there would be
a difference in ensemble certainty between ensembles with high and
low component certainty when experimentally equalizing value
positivity.
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Figure 3
Main Results of Experiments 1–4
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Note. Main results of Experiments 1 (A) and 2–4 (B–D), presented by ensemble-matching factors. (B) Ensembles matched on value positivity. (C) Ensembles
matched on value extremity. (D) Ensembles matched on within-component consistency. Blue dots represent ensemble certainty across ensembles pooled per
participant. Black dots, error bars, and gray vertical densities represent model estimates of the condition mean, 95% credible interval, and posterior distribution,
respectively. Solid-colored lines connect data points of individual participants and show whether the data are in line with predicted directions for a given
participant (green: directionality in line with prediction; red: directionality not in line with prediction). Dashed lines indicate the 95% Bayesian prediction
intervals (i.e., the interval in which 95% of out-of-sample observations are predicted to be observed). (E) Model estimates for predictors of models fitting the
difference in ensemble certainty within matched pairs with densities representing posterior distributions with gray shaded areas showing the 95% credible
intervals. CC = component certainty; VE = value extremity; VP = value positivity; BC.CON = between-component consistency; WC.CON = within-
component consistency. See the online article for the color version of this figure.
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Method

Participants

Sample size was determined through power simulation (see the
SupplementalMaterials for details). Excluding participants based on
preregistered criteria and replacing the excluded participants, we
arrived at a sample size of 131 participants (48 female, 82 male, one
nonbinary [free-response box]; Mage = 26.22, SDage = 7.95) to
achieve 80% power. We recruited a sample of Dutch participants on
Prolific (https://www.prolific.com).

Materials

The stimulus material for Experiment 2 was identical to
Experiment 1.

Procedure

Component Evaluation Task. The procedure for the com-
ponent evaluation task was identical to Experiment 1.
Ensemble Creation. We created food product ensembles, each

of which contained three items. A clustering algorithm produced
ensembles with matching value positivity, while exhibiting maximal
within-cluster differences in component certainty. The algorithm
ensured that the value positivity of the items within each ensemble
was matched, while the component certainty was maximally dif-
ferent between the two ensembles. A detailed description of the
algorithm is provided in the Supplemental Materials, and a schematic
depiction is presented in Figure 2. Table 1 provides an overview of
which aspects were matched and varied in each experiment. In short,
the algorithm created several clusters of items based on component
evaluations to ensure minimal differences in value positivity within
each cluster. Then, three high-certainty and three low-certainty items
from each cluster were selected to create a positivity-matched pair of
two ensembles, one with high component certainty and one with low
component certainty.
Ensemble Evaluation Task. The procedure of evaluating the

ensembles was identical to Experiment 1.

Data Analysis

For the main data analysis, we used a β-binomial Bayesian mixed-
effects model with ensemble certainty as the dependent variable
and component certainty (factorial: low vs. high), value positivity
(standardized), between-component consistency (standardized),
and component value extremity (standardized) as the predictors (see
model specification in the Supplemental Material). Moreover, to
allow for more nuanced conclusions, a region of practical equiv-
alence (ROPE; Kruschke & Liddell, 2018) was preregistered and
defined as [−0.0125, 0.0125] (see the Supplemental Materials for
details). Specifically, as our goal was to identifymajor determinants
of ensemble certainty, we wanted to ensure that any such claim
would only be made when the effect size was large enough to be
considered meaningful in this context. While the definition of
“meaningful” remains arbitrary, the size of the ROPE relates to
the size of effects of evaluation variability on evaluation certainty
found in previous experiments, fitting similar models, when directly
manipulating the consistency of value-relevant evidence on eval-
uation certainty for artificial fractal items (Quandt et al., 2022).

If the 95% credible interval of an effect lies entirely inside the
ROPE and the 95% credible interval includes zero, we would
consider the effect precisely estimated and conclude that it did not,
in an important way, impact ensemble certainty. If the 95% credible
interval (partly) lies within the ROPE but does not include zero,
we consider the effect credible but too small to be a major con-
tributor to ensemble certainty. If the 95% credible interval falls
outside of the ROPE, we consider the effect to be amajor contributor
to ensemble certainty, comparable with experimental findings where
only a single manipulated factor was influencing evaluation cer-
tainty (Quandt et al., 2022).

Results

Manipulation Checks: Resulting Matched Ensembles

First, we wanted to check whether the matched ensembles would
have the desired properties, that is, being close to identical on average
component value positivity but differing in average component cer-
tainty. For this, we fitted a Gaussian family Bayesian mixed-effects
model predicting the average component value positivity from the
ensemble condition (low vs. high component certainty). We found
that the matching algorithm succeeded in creating ensemble pairs in
the two conditions that were indeed highly similar on average value
positivity (average component value positivity in high component
certainty condition= 113.14 vs. average component value positivity in
low component certainty condition = 112.26), with no credible dif-
ference between the two conditions (estimate = 0.41, 95% CI [−1.79,
2.54], pp−= .350; see also the high overlap of posterior distributions in
Supplemental Figure S2 that strongly suggests no difference).

Moreover, the matching algorithm successfully created ensemble
pairs that differed in average component certainty (average com-
ponent certainty in high component certainty condition= 184.28 vs.
average component certainty in low component certainty condition =
141.97), with a credible difference between the two conditions
(estimate = 21.14, 95% CI [19.03, 23.27], pp− < .001; see the
Supplemental Material for visualization).

Main Analysis: Matching Value Positivity

Next, we tested our prediction (preregistered) that higher com-
ponent certainty would result in higher ensemble certainty after
experimentally equalizing value positivity of ensembles. We found
a credible difference in ensemble certainty between the high and low
component certainty ensembles (estimate = 0.03, 95% CI [0.02,
0.04], pp− < .001; high component certainty: 188.20, low com-
ponent certainty: 182.97), but this difference was not credibly larger
than the defined ROPE2 (estimate = 0.00, 95% CI [−0.01, 0.01],
pp− = .411; see Figure 3B). Moreover, we found credible estimates
for between-component consistency (estimate = −0.02, 95% CI
[−0.03, −0.01], pp+ < .001; estimate negative as operationalized as
SD between component evaluations, i.e., negative consistency),
component value positivity (estimate = 0.03, 95% CI [0.01, 0.05],
pp− = .005), and component value extremity (estimate = 0.12, 95%
CI [0.09, 0.14], pp− < .001). Importantly, the estimates of between-
component consistency, value extremity, and value positivity
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2 The test against the ROPE indicates how much of the posterior falls
inside of the ROPE.
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represent the effect of these factors across ensemble pairs and hence
cannot be interpreted in the same way as the experimentally varied
factor of component certainty. In other words, while these estimates
are credible, they can only be interpreted as a correlation between
the respective factor and ensemble certainty across the range of
ensemble values.

Exploratory Analyses

While the effects across ensemble pairs are not surprising and in
line with previous literature (Lee & Hare, 2023; Polanía et al., 2019),
the question remains whether these factors similarly explain the
differences in ensemble certainty within the value positivity matched
pairs of ensembles. Hence, we conducted additional exploratory
analyses to investigate the impact of between-component consis-
tency and component value extremity within matched pairs of en-
sembles by calculating difference scores for each predictor within
pairs of matched ensembles. That is, for each predictor, we calculated
the difference score between the high and low component certainty
ensembles in each pair (e.g., the difference in value extremity
between a given high and low component certainty ensemble in a
matched pair) and predicted the difference in ensemble certainty
from these difference scores. This has the advantage that these
predictors directly allow us to infer their impact on ensemble cer-
tainty within matched pairs instead of representing the correlation
between the respective factor and ensemble certainty across the range
of ensemble values.
We fitted a Student-T family Bayesian mixed-effects model (the

Student-T model is considered an outlier-robust alternative to the
standard Gaussian family model; Bürkner, 2017) predicting the
difference in ensemble certainty from the difference in component
certainty (i.e., using a standardized numerical predictor instead of
the factorial indicator), ensemble value extremity (standardized),
and between-component consistency (standardized). We found
that the difference in component certainty was the only factor that
predicted ensemble certainty (estimate = 4.58, 95% CI [2.40, 6.86],
pp−< .001), with no effect of value extremity (estimate= 0.62, 95%
CI [−1.00, 2.21], pp− = .221) and between-component consistency
(estimate = 0.01, 95% CI [−1.22, 1.23], pp+ = .513). Hence, the
impact of component certainty on ensemble certainty was attrib-
utable to neither value extremity nor between-component consis-
tency (see Figure 3E—Exp. 2: VP-Matched).

Discussion

Experiment 2 demonstrated that value certainty in components
significantly influenced ensemble certainty, independent of value
positivity, which was equalized within the matched ensemble pairs.
Exploratory analyses revealed that this component certainty effect is
independent of value extremity and between-component consis-
tency, both of which did not predict ensemble certainty in the value
positivity matched ensembles. Especially, the absence of an effect of
value extremity on ensemble certainty is surprising, as previous
research has shown that value extremity is a major contributor to
ensemble certainty (Lee & Hare, 2023; Polanía et al., 2019). One
reason for this might be that the current set of ensembles of food
items contains primarily positive-value ensembles (median value =
129.17), with primarily very high-certainty ratings (median certainty =
180). While differences in certainty within matched ensemble

pairs (see the Manipulation Checks section) were still pronounced,
this could still have deflated potential effects.

Hence, in Experiment 3, we aimed to decrease the average ensemble
evaluation and ensemble certainty by using a different set of stimuli
(retail goods) and a different evaluation task (the Becker–DeGroot–
Marschak method; Becker et al., 1964). Specifically, we expected that
people would be less opinionated about prices they would be willing to
pay for a diverse set of retail goods, compared to their liking of common
foods, and that this would lead to a larger variance in ensemble
evaluation (i.e., willingness to pay) and ensemble certainty. Moreover,
given the noteworthy absence of an effect of value extremity on
ensemble certainty in Experiment 2, we also aimed to investigate this
more closely by directly matching ensembles on value extremity.

Experiment 3

Experiment 3 is partially a replication of Experiment 2, but with a
different set of stimuli (retail goods instead of food items) and a
different method of evaluation (the Becker–DeGroot–Marschak
auction instead of evaluations). Moreover, we matched half the
ensembles on component value positivity (as in Experiment 2) and
the other half on component value extremity.

Method

Participants

The sample size was determined using power simulation based on
the results of Experiment 2 (see the Supplemental Material for
details). This resulted in a suggested sample size of 90 participants
(38 female, 48 male, four nonbinary [free-response box]; Mage =
29.81, SDage = 8.52) to arrive at 80% power, which we recruited
from a Dutch sample on Prolific (https://www.prolific.com).

Materials and Procedure

Stimuli consisted of 60 retail products that were taken from a
popular online retailer in the Netherlands. Examples of items are a
bracelet, a cocktail set, a drinking bottle, or a photo album. All
products were selected to cost up to €25.

Component Evaluation Task. The structure of the component
evaluation task was mostly identical to Experiment 2. However,
instead of indicating their liking for the retail goods, participants
were asked to place bids on each good according to the rules of the
Becker–DeGroot–Marschak auction method (Becker et al., 1964).
These bids were hypothetical and nonincentivized.

Ensemble Creation. The ensemble creation procedure was
identical to Experiment 2, with the exception that only half the
ensembles were matched on value positivity, while the other half was
matched on value extremity, meaning that products (components)
with extremely low and extremely high value could be included in the
same ensemble.

Ensemble Evaluation Task. In the ensemble evaluation task,
participants placed bids on the ensembles, similar to the component
evaluation task, with the potential bids ranging from €0 to €75, to
reflect that in purchasing, the sum of the prices determines the
ensemble price, rather than the average.
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Data Analysis

The data analysis procedurewas identical to Experiment 2. That is,
we predicted ensemble certainty from the difference in component
certainty, component value positivity, component value extremity,
and between-component consistency (for details, see model speci-
fication in the Supplemental Material).

Results

Manipulation Checks: Resulting Matched Ensembles

Again, we fitted a Gaussian family Bayesian mixed-effects model
predicting the component value positivity from the ensemble
condition (low vs. high component certainty) to check whether the
matched positivity-matched ensembles would have the desired
properties, that is, being close to identical on component value
positivity but differing in average component certainty. We found
that the matching algorithm succeeded in creating ensembles in the
two conditions that were indeed highly similar on average value
positivity (sum of value positivity [price] in high component cer-
tainty condition = 25.84 [out of 75] vs. sum of component value
positivity in low component certainty condition = 25.82), with no
credible difference between the two conditions (estimate = 0.01,
95% CI [−1.02, 1.07], pp− = .494). As intended, these matched
ensembles differed in average component certainty (average com-
ponent certainty in high component certainty condition= 157.10 vs.
average component certainty in low component certainty condition =
94.84), with a credible difference between the two conditions
(estimate = 31.13, 95% CI [28.75, 33.63], pp− < .001; see the
Supplemental Material for visualization).
Similarly, for the extremity-matched ensembles, we found that

matched ensembles were highly similar in average component value
extremity (sum of component value extremity in high component
certainty condition = 18.10 vs. sum of component value positivity
in low component certainty condition = 18.09), with no credible
difference between the two conditions (estimate = 0.00, 95% CI
[−0.69, 0.72], pp− = .496). As intended, these matched ensembles
differed in average component certainty (average component cer-
tainty in high component certainty condition = 159.11 vs. average
component certainty in low component certainty condition= 93.38),
with a credible difference between the two conditions (estimate =
32.89, 95% CI [30.25, 35.62], pp− < .001; see the Supplemental
Material for visualization).
Together, this shows that the matching algorithm worked as

intended for both matching methods and that the overall value
positivity and value extremity decreased compared to Experiment 2.

Main Analyses

Positivity-Matched Ensembles. Similar to Experiment 2, we
predicted (preregistered) that higher component certainty would
result in higher ensemble certainty after experimentally equalizing
value positivity of ensembles. As in Experiment 2, we found a
credible difference in ensemble certainty between the high and low
component certainty ensembles (estimate = 0.05, 95% CI [0.02,
0.08], pp− < .001; high component certainty: 132.88, low com-
ponent certainty: 123.13). Again, this difference was not credibly
larger than the defined ROPE (estimate = 0.02, 95% CI [−0.00,
0.05], pp− = .040; see Figure 3B). Replicating findings in

Experiment 2, component value positivity (estimate = 0.10, 95% CI
[0.05, 0.16], pp− < .001) and component value extremity (estimate =
0.11, 95% CI [0.06, 0.16], pp− < .001) predicted ensemble evaluation
certainty across matched ensemble pairs. Unlike in Experiment 2,
there was no credible effect of between-component consistency on
ensemble evaluation certainty (estimate = −0.02, 95% CI [−0.05,
0.01], pp+ = .079).

Extremity-Matched Ensembles. For the ensembles matched
on component value extremity, we similarly found a credible dif-
ference in ensemble certainty (preregistered) between the high and
low component certainty ensembles (estimate = 0.07, 95% CI [0.04,
0.11], pp−< .001; high component certainty: 135.83, low component
certainty: 121.08), this time larger than the definedROPE (estimate=
0.05, 95% CI [0.02, 0.08], pp− = .001; see Figure 3C). This suggests
that even when equalizing component value extremity, component
certainty still strongly impacted ensemble certainty. Additionally,
across extremity-matched pairs, we found that component value
positivity (estimate = 0.07, 95% CI [0.02, 0.12], pp− = .004),
component value extremity (estimate = 0.08, 95% CI [0.04, 0.12],
pp− < .001), and between-component consistency (estimate =
−0.05, 95% CI [−0.08, −0.01], pp+ = .012) predicted ensemble
evaluation certainty across matched ensemble pairs.

Exploratory Analyses

Comparing Predictors of Ensemble Certainty Within
Matched Pairs. Again, we explored whether the difference in
ensemble certainty within matched pairs could be predicted by the
difference in component certainty, value extremity, and between-
component consistency. Similar to Experiment 2, for the positivity-
matched ensembles, we found that the difference in component
certainty was the only factor that predicted ensemble certainty
(estimate= 7.56, 95%CI [3.50, 11.82], pp−< .001), with no effect of
value extremity (estimate= 2.19, 95% CI [−1.53, 5.83], pp− = .123)
and between-component consistency (estimate = 0.79, 95% CI
[−2.93, 4.39], pp+ = .660; see Figure 3E—Exp. 3: VP-Matched).

For the extremity-matched ensembles, we found similar results,
with component certainty being the only credible predictor of
ensemble certainty within matched pairs (estimate = 10.20, 95% CI
[5.39, 15.02], pp− < .001), while value positivity (estimate = 3.77,
95% CI [−1.49, 9.20], pp− = .075) and between-component con-
sistency (estimate = −0.02, 95% CI [−5.47, 5.20], pp+ = .504)
did not credibly predict ensemble certainty (see Figure 3E—Exp. 3:
VE-Matched).

Rating Variability and Ensemble Certainty. According to
our theoretical outline in the introduction and based on previous
research (Quandt et al., 2022), we expected component certainty to
tap into the consistency of value-relevant evidence that is sampled
during evaluations of those items. One possible implication of this
could be that the more consistent the evidence sampled during the
component evaluations, the more similar the evidence sampled
during the ensemble evaluation. Hence, we predicted that the dif-
ference between the average component evaluations and the
respective ensemble evaluations would be smaller for high com-
ponent certainty ensembles compared to low component certainty
ensembles.

To account for zero differences between component evaluations
and ensemble evaluations, we fitted a hurdle-lognormal model that
estimates the chance of a difference being exactly zero per condition
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separately from the chance of observing difference scores larger
than zero in each condition. For severely right-skewed data, this
avoids the problem of having to add a constant to difference scores
of zero for log transformation. We performed this analysis on the
combined data of Experiments 2 and 3, which was preregistered
after data collection and after already being in close contact with the
data, but before exploring or conducting this particular analysis or
computing the required scores.
In the combined data, we found that there were credibly more

average component evaluation versus ensemble evaluation devia-
tions of exactly zero in the high component certainty ensembles
(estimate of the percentage of deviations that are exactly zero =
7.06, 95%CI [4.63, 9.89]) compared to the low component certainty
ensembles (estimate = 1.82, 95% CI [0.90, 3.07]). For deviations of
component evaluations and ensemble evaluations that were larger
than zero, we found no credible difference between the high and low
component certainty ensembles in terms of average component
evaluation versus average ensemble evaluation (estimate = 0.00,
95% CI [−0.05, 0.05], pp+ = .529). Initially, this might suggest that
high component certainty makes it more likely for ensemble eva-
luations to be exactly like the underlying average component
evaluation. However, a credible interaction (estimate = 0.03, 95%
CI [0.02, 0.06], pp− < .001) between the chance of observing a zero
deviation between conditions and the experiment identifier term in
the model suggested that this difference might be more pronounced
in Experiment 2 compared to Experiment 3.
To followup on this,we explored the data separately for Experiment 2

and Experiment 3. For Experiment 2, we found that there were credibly
more deviations of exactly zero between component and ensemble
evaluations in the high component certainty ensembles (estimate= 5.95,
95% CI [3.37, 9.15]) compared to the low component certainty en-
sembles (estimate= 0.89, 95%CI [0.27, 2.04]). For deviations that were
larger than zero, we found no credible difference between the high and
low component certainty ensembles in terms of average component
evaluation versus average ensemble evaluation (estimate = −0.00, 95%
CI [−0.06, 0.06], pp+ = .484).
For Experiment 3 (using both the positivity-matched and

extremity-matched ensembles in the analysis), we found no dif-
ference in the chance of having a deviation of exactly zero between
the high and low component certainty ensembles (estimate of the
percentage of deviations that are exactly zero = 5.61, 95% CI [3.60,
7.97], vs. estimate= 4.97, 95%CI [3.21, 7.14]). Similarly, we found
no effect on the average nonzero deviation between component
evaluations and ensemble evaluations (estimate = −0.00, 95% CI
[−0.02, 0.02], pp+ = .458).
This suggests that the effect of observing more identical average

component evaluations versus ensemble evaluations in the high
component certainty ensembles compared to the low component
certainty ensembles is driven by Experiment 2 and that this effect is
not present in Experiment 3. A possible reason for this might be that
the cases where the component evaluation versus ensemble eval-
uation deviation was exactly zero in Experiment 2 were almost
exclusively those at the boundary of the scale (i.e., average com-
ponent evaluations of exactly zero or exactly 200; about 98% of
these cases), while this was only about 58% in Experiment 3. As
these boundary cases were overrepresented in the high component
certainty ensembles (141 cases in high component certainty en-
sembles vs. 75 cases in low component certainty ensembles), the
observed difference in the chance of a zero difference between

conditions might just be a statistical artifact and not in fact indicate
that higher component certainty is indicative of higher evidence
sampling consistency.

Discussion

Experiment 3 demonstrated that value certainty in components
significantly influenced ensemble certainty, independent of value
positivity (replicating findings of Experiment 2) and value extremity.
However, this effect was substantial (i.e., larger than the defined
ROPE) only for the ensembles matched on value extremity. The
stronger effect in extremity-matched ensembles suggests a closer
relationship between value positivity and value certainty, aligning
with prior research indicating a strong link between these factors
(Lebreton et al., 2015; Lee & Hare, 2023).

The question remains as to what accounts for the persistent effect
of value certainty. We assumed component certainty to tap into the
consistency of value-relevant evidence that is sampled during
evaluations of those items (Quandt et al., 2022). Exploratory
analyses did not support this idea, as we found no credible difference
in the average deviation between component evaluations and
ensemble evaluations between high and low component certainty
ensembles. This was surprising in light of previous work (Quandt
et al., 2022). Therefore, in Experiment 4, we examined the idea more
directly. Specifically, we matched ensembles on the consistency of
repeated evaluations of the same components. Based on work
suggesting that more consistent evaluations of components will be
indicative of a more consistent underlying evidence sampling
process (Quandt et al., 2022), we expected higher ensemble cer-
tainty in ensembles with more consistent component evaluations.

Experiment 4

Experiment 4 used the same stimuli and procedure as Experiment
3, but with a different matching design. Specifically, to identify
whether the effect of component certainty on ensemble certainty is
driven by the consistency of the evidence within components, we
created ensembles matched on within-component consistency but
differing in average component value extremity (to isolate the effect
of value extremity when equalizing within-component consistency),
and vice versa (i.e., isolating the effect of within-component con-
sistency when equalizing value extremity).

Method

Participants

Running a power simulation based on the data from Experiment 3
(see the Supplemental Material for details), we again collected 90
participants (36 female, 53 male, one genderfluid [free-response
box]; Mage = 30.61, SDage = 9.19) from a Dutch online sample on
Prolific (https://www.prolific.com).

Materials and Procedure

We used the same stimuli and evaluation procedure (the Becker–
DeGroot–Marschak bidding task) as in Experiment 3.

Component Evaluation Task. The component evaluation task
was identical to Experiment 3.
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Ensemble Creation. To create the ensembles, we used the same
algorithm as in Experiments 2 and 3, but with different matching
criteria. Half the ensembles were created to be matched on com-
ponent value extremity (as in Experiment 3), but instead of maxi-
mizing differences in average component certainty within matched
pairs, wemaximized differences within these ensemble pairs in terms
of within-component consistency (operationalized as a smaller
standard deviation of multiple evaluations for the same component).
For the other half of ensembles, this matching criterion was reversed,
creating ensemble pairs matched on within-component consistency
but differing in average component value extremity.
Ensemble Evaluation Task. The ensemble evaluation task

was identical to Experiment 3. However, while bids were hypo-
thetical in Experiment 3, Experiment 4 included a raffle where one
participant was randomly selected to receive one of the goods they
had bid on.

Data Analysis

The general approach to data analysis was identical to Experiment
3. However, we did not preregister a ROPE in Experiment 4. This is
because we see any small effect of value extremity on ensemble
certainty when within-component consistency is equalized as
contradicting the idea that within-component consistency is the
causal mechanism behind the effect of value extremity on ensemble
certainty (hence conducting a more conservative test of our pre-
diction). The β-binomial model in Experiment 4 predicted ensemble
certainty from the matching condition (low vs. high within-com-
ponent consistency or low vs. high component value extremity),
the matching method (matched on value extremity vs. matched on
within-component consistency), and the interaction of matching
method by matching condition.

Results

Manipulation Checks: Resulting Matched Ensembles

The matching procedure employed in Experiment 4 again suc-
ceeded in creating the desired ensembles. For the ensembles matched
on value extremity, there was no credible difference in component
value extremity between the high and low within-component con-
sistency conditions (component value extremity in high component
consistency condition= 19.20 vs. component value extremity in low
component consistency condition = 19.01), with no credible dif-
ference between the two conditions (estimate= 0.10, 95%CI [−0.49,
0.69], pp− = .359). Meanwhile, the average within-component
consistency was credibly higher in the high within-component
consistency condition than in the low within-component consistency
condition (average standard deviation within repeated ratings in high
component consistency condition = 1.06 vs. average standard
deviation within repeated ratings in low component consistency
condition = 4.27), with a credible difference between the two
conditions (estimate = −1.60, 95% CI [−1.76, −1.44], pp+ < .001).
For the ensembles matched onwithin-component consistency, there

was no credible difference in average within-component consistency
between the high and low value extremity conditions (average within-
component consistency in high extremity condition= 1.98 vs. average
within-component consistency in low extremity condition = 2.03),

with no credible difference between the two conditions (estimate =
−0.02, 95%CI [−0.14, 0.10], pp+= .358).Meanwhile, the component
value extremity was credibly higher in the high value extremity
condition than in the low value extremity condition (component value
extremity in high extremity condition = 28.15 vs. component value
extremity in low extremity condition = 10.79), with a credible dif-
ference between the two conditions (estimate = 8.69, 95% CI [8.20,
9.17], pp− < .001).

Main Analyses

We predicted (preregistered) that higher within-component con-
sistency would give rise to higher ensemble certainty (Lee &
Coricelli, 2020) even when value extremity is equalized. We also
predicted that, assuming that ensemble certainty would mainly be
driven by within-component consistency (Quandt et al., 2022), the
difference in ensemble certainty would be smaller for ensembles
matched on within-component consistency (preregistered) even if
evaluation extremity would differ, which would provide evidence for
the confounding idea outlined in Figure 1.

Surprisingly, we found that ensembles matched on value extremity
but differing in within-component consistency did not credibly differ
in ensemble certainty (estimate=−0.02, 95%CI [−0.05, 0.01], pp+ =
.080; high within-component consistency: 144.38, low within-com-
ponent consistency: 139.85; see Figure 3C). Moreover, and in stark
contrast to the prediction and the argument presented in Figure 1,
ensemblesmatched onwithin-component consistency and differing on
evaluation extremity exhibited a credible difference in ensemble
certainty (estimate = 0.07, 95% CI [0.03, 0.11], pp− = .001; high
component value extremity: 150.69, low component value extremity:
136.44; see Figure 3D). This effect of average component value
extremity on ensemble certainty in the within-component consistency
matched ensembles was statistically more pronounced than the effect
of within-component consistency in the extremity-matched en-
sembles, as indicated by a credible interaction between the matching
condition and matching method (estimate = −0.02, 95% CI [−0.05,
−0.00], pp+ = .024).

Exploratory Analyses

As in Experiments 2 and 3, we explored whether the differences in
ensemble certainty within matched pairs could be predicted by the
differences in component value extremity, value positivity, and
between- and within-component consistency. We found that dif-
ferences in ensemble certainty within extremity-matched pairs were
predicted by differences in value positivity (estimate = 8.34, 95% CI
[1.93, 15.46], pp− = .005) and between-component consistency
(estimate = −5.66, 95% CI [−11.24, −0.19], pp+ = .021), but not
within-component consistency (estimate = 0.86, 95% CI [−2.84,
4.56], pp− = .323; see Figure 3E—Exp. 4: VE-Matched). For the
ensembles matched on within-component consistency, we found that
only value positivity was a credible predictor of ensemble certainty
(estimate= 8.32, 95%CI [2.38, 14.43], pp−= .002), with no effect of
between-component consistency (estimate = −2.92, 95% CI [−9.25,
3.27], pp+ = .180) or value extremity (estimate = 4.42, 95% CI
[−1.21, 10.24], pp− = .066; see Figure 3E—Exp. 4: WC.CON-
Matched).
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General Discussion

The presented set of experiments investigated the impact of
different factors on evaluation certainty. Using a novel approach that
utilized a matched ensemble evaluation design, we found that
evaluation certainty is a multifaceted construct that is influenced by
multiple, independent factors.
First, certainty is influenced by the variation in values between

components in an ensemble, but this effect could not account for
all variance in evaluation certainty. Similarly, when experimentally
equalizing value positivity and value extremity, there was a per-
sistent effect of component evaluation certainty on ensemble
evaluation certainty that was not explained by between-component
value consistency, value extremity, or value positivity.
These results substantiate earlier findings (Lebreton et al., 2015;

Lee & Hare, 2023) by showing that value positivity is a prominent
factor that consistently impacted evaluation certainty. Specifically,
when equalizing value positivity, the relation between component
evaluation certainty and ensemble evaluation certainty was weak,
and including value positivity as a predictor of ensemble value
certainty in Experiment 1 rendered the relation between component
certainty and ensemble certainty noncredible. These results suggest
that value certainty and value positivity are inherently related.
Most importantly, we predicted that the consistency of value-

relevant evidence would be the most likely underlying mechanism
behind evaluation certainty in general, but did not find support for
this hypothesis. First, we argued that more consistent evidence
should lead to higher similarity between component evaluations and
the resulting ensemble evaluations in high component certainty
ensembles compared to low component certainty ensembles.
We did not find support for this idea. Moreover, within-compo-

nent value consistency, which we expected to tap into evidence
consistency, did not predict ensemble evaluation certainty. In fact, in
line with previous research (Bobadilla-Suarez et al., 2020; Polanía
et al., 2019), value extremity appears to be a stronger predictor of
certainty than the consistency of value-relevant evidence. This
directly contradicts the idea outlined in the introduction (and
illustrated in Figure 1) and is inconsistent with the idea that con-
sistency is the underlying factor driving the relation between eval-
uation extremity and certainty. These results are surprising, given the
idea that during the sampling of value-relevant evidence from
memory (Bakkour et al., 2019; Shadlen & Shohamy, 2016), more
consistent evidence is sampled for high-certainty items, and given
that previous research directly showed that manipulating evidence
consistency predicts evaluation certainty (Quandt et al., 2022).
One reason for this contradiction could be that our oper-

ationalization of evidence consistency as the standard deviation of
repeated evaluations of components is not adequately capturing the
consistency of value-relevant evidence. Specifically, it is possible
that evidence sampled within a single evaluation is consistent, but
that for a repeated separate evaluation of the same item, other,
potentially also consistent, evidence is sampled, resulting in two
inconsistent evaluations, which can still both be based on consistent
evidence within each individual evaluation.
In this case, as a reviewer pointed out, the absence of a relation

between variability in component evaluations and ensemble cer-
tainty might not be surprising. While previous research suggests that
evaluation variability does relate to certainty (Lee &Coricelli, 2020)
and other potential indicators of consistency of past value-relevant

experiences, it was also found that the relation between evaluation
variability and manipulated evidence consistency might not be very
strong (Quandt et al., 2022). Hence, it remains possible that more
sensitive measures of evidence consistency, such as a distribution
builder task (Quandt et al., 2022; Sharpe et al., 2000), might provide
support for a relation between evidence consistency and certainty.
The present results, however, do not suggest that the consistency of
value-relevant evidence is, contrary to our prediction, the most
prominent predictor of certainty.

The small yet consistent influence of component evaluation
certainty on ensemble value certainty hence raises questions about
its underlying factors, especially since none of the measured and
equalized variables in the present design account for this effect.
Previous studies suggest that attentional mechanisms (Brus et al.,
2021) or the reliability of evidence for making predictions (Boundy-
Singer et al., 2022; Koriat, 2024) might play significant roles in
determining certainty in value-based decisions. However, it is
unclear to what extent these factors might be relevant in the present
research, where we investigate evaluation certainty rather than
decision certainty, which might be different constructs driven by
different value representations (Brus et al., 2021; Peters & Büchel,
2010; Pouget et al., 2016).

Another factor that was not investigated in the present design and
that might explain the persistent effect of component certainty on
ensemble certainty is the amount of available evidence (Kvam &
Pleskac, 2016). For example, it is possible that the amount of
evidence available for each component is not equal, which could
lead to differences in certainty. Specifically, this could underlie
the relation between value positivity and certainty (but not value
extremity and certainty), as positive items might be more frequently
consumed, leading to a larger amount of evidence available for these
items. Future research might investigate this idea to complement the
present findings and provide an even more complete picture of
factors impacting evaluation certainty.

Several shortcomings of the present research should be consid-
ered. First, measuring certainty in component evaluations only in
Experiments 1–3 where evidence consistency was not directly
measured, and then measuring evidence consistency in Experiment
4 without assessing certainty, prevents us from drawing stronger
conclusions about the relationship between these two factors. While
previous research has shown that consistency in evaluations is
related to certainty (Lee & Coricelli, 2020; Quandt et al., 2022),
investigating this in an ensemble-matching design where the two
variables could be experimentally equalized could provide a more
comprehensive understanding of the relationship between certainty
and consistency. Second, despite evidence showing that ensembles
are perceived as unified entities (Whitney & Yamanashi Leib, 2018;
Yamanashi Leib et al., 2020), the influence of unique characteristics
of components on ensemble evaluation certainty, beyond simple
integration, remains a possibility. For example, our focus was solely
on evaluations, whereas objects are often judged on multiple di-
mensions, such as tastiness and healthiness for food, which are
known to contribute to overall certainty as a multidimensional
construct (Lee & Hare, 2023). The ensemble-matching design
presented here might provide a valuable tool to construct items that
can be experimentally controlled on one dimension (e.g., healthi-
ness) while varying other dimensions (e.g., tastiness) to increase our
understanding of not only certainty but also the importance of those
attributes in choice processes.
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Relatedly, previous research showed that value certainty is a
strong predictor of choice accuracy, choice consistency, and choice
confidence (DeMartino et al., 2013; Lee &Daunizeau, 2020, 2021).
As we did not assess choices between objects in this work, future
research could investigate how the different factors that impact
evaluation certainty identified in this article translate to decisions
between ensembles, especially as considering all relevant attributes
of an object (e.g., healthiness and tastiness of foods) is more likely to
play a role in decision making, when attributes are directly goal-
relevant (Peters & Büchel, 2010).
Overall, the present work provides experimental evidence for

evaluation certainty being independently impacted by value posi-
tivity and value extremity but provides no evidence for a relation
between consistency of value-relevant evidence and certainty in an
experimentally controlled setting. This represents an incremental
but important advancement in understanding the complex factors
affecting evaluation certainty and suggests an ensemble-matching
design as a valuable tool that could inform various areas within
psychological and decision sciences, where understanding certainty
in evaluations or attitudes is crucial.

Constraints on Generality

The present work was conducted on an online sample of parti-
cipants from the Netherlands and Germany to make sure that they
were familiar with the items used in the experiments. Hence, it is not
clear how the results would generalize to other populations, such as
participants from other countries or cultures, especially non-Western,
educated, industrialized, rich, and democratic countries, where
perception of value-based decisions might differ (Anlló et al., 2024).
Another constraint on generality is the use of a specific set of items
(food and retail goods) in the present work. While these items were
chosen to be exemplary of common value-based decisions, it is
possible that the results would not generalize to other domains, such
as social evaluations or beliefs, that might also inherently be value-
based (Kim et al., 2020). Finally, the present work focused on
evaluations of items in isolation and did not investigate comparative
evaluations that are often used in real-world decision making. It is
important to consider these constraints on generality when inter-
preting the results and their implications.
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