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CONFIDENCE IN EVALUATIONS AND VALUE-BASED DECISIONS

Abstract
Evaluations and Value-based decisions are often accompanied by a feeling of confidence about
whether or not the evaluation or decision is accurate. We argue that this feeling of confidence
reflects the variation of an underlying value distribution and that this value distribution
represents previously experienced values related to an object. Two preregistered experiments in
which the variation of such value distributions was systematically varied provide causal evidence
in favor of this hypothesis. A third preregistered experiment showed that, for natural food items
with uncontrolled prior experiences, confidence in evaluations is again related to the variation of
individuals’ self-reported value distributions. Similarly, for choices between items, the variation
of experienced values related to a choice pair influenced confidence in the perceived correctness
of the choice. These findings converge with other domains of decision-making showing that
confidence tracks the variation of the underlying probability distribution of the evidence that a
decision is based on, which in the case of value-based decisions, is informed by a value
distribution reflecting priorly experienced values.
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Whether considering taking an umbrella to work, judging the credibility of a newspaper
piece, or deciding what to order at a restaurant, everyday life is full of decisions. Some decisions
are based on what we perceive in the outside world (e.g., whether there are dark clouds in the
sky), some are based mainly on knowledge of facts (e.g., whether the news piece is inconsistent
with what we know), and others are based mainly on our preferences (e.g., deciding what to eat).
These three types of decisions, perceptual, factual, and value-based, are quite different from each
other but all require the decision-maker to evaluate evidence in order to select one of the
available choice alternatives (Abelson, 1988; Dutilh & Rieskamp, 2016; Gold & Shadlen, 2007;
Griffin & Tversky, 1992). For instance, the judgment of a newspaper piece’s correctness might
be based on other pieces about the same topic that the decision-maker has read before.
Depending on how clear the evidence is to us we may be more certain or confident that a
decision is correct (Abelson, 1988; Boldt et al., 2017; Petrocelli et al., 2007; Vickers & Packer,
1982). Thus, confidence is a judgement of the degree to which we think our decisions are correct
and supported by evidence.

However, this description of confidence seems odd in the case of value-based decisions
as, in contrast to perceptual and factual decisions, they do not have an objective criterion of
correctness (Dutilh & Rieskamp, 2016). Nonetheless, people can readily report their confidence
about their own evaluations of objects on any arbitrary scale (De Martino et al., 2013; Folke et
al., 2016; Lebreton et al., 2015; Tormala & Rucker, 2018) and confidence reports even reliably
predict future choices (Folke et al., 2016; Petrocelli et al., 2007; Tormala & Rucker, 2018). This
begs the question how we can collect and evaluate evidence about our own preferences, for
instance how much we like apples, and what the nature of this evidence is.

Several theories converge on the idea that confidence reflects a summary of evidence
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quality (Kepecs & Mainen, 2012; Lebreton et al., 2015; Loeb & Fishel, 2014; Meyniel et al.,
2015; Rolls et al., 2010; van den Berg et al., 2016). For instance, if a person judges the color of a
traffic light in heavy rain, the evidence quality represents degree of visibility of the state of
traffic light. Specifically, the evidence quality can be described as a probability distribution
where the possible states of the world (whether the traffic light is green, yellow or red) are
related to their probabilities indicated by the evidence (e.g., how much it looks like it is green,
yellow or red). Confidence, in turn, reflects the belief that a decision or judgement is correct
based on the variance of the probability distribution (Kepecs & Mainen, 2012; Pouget et al.,
2016). The more the evidence is divided between the possible colors of the traffic light, the lower
confidence in the judgement of the traffic light’s color.

What distinguishes value-based decisions from perceptual decisions is that the evidence
to be used for value-based decisions cannot simply be observed in the environment (as opposed
to the color of the traffic light) but is somehow represented internally. Even though one might
argue that perceptual evidence is eventually evaluated based on an internal representation, it is
clear what external evidence the internal representation is based on. However, what is the
external evidence and the internal representation of evidence during value-based decisions?
Research suggests that evidence during value-based decisions might be based on previous
memories and experiences with the object of evaluation (Johnson et al., 2007; Weber et al.,
2007). Specifically, evaluations during value-based decisions might be constructed through
sequential sampling from memory (Bakkour et al., 2018, 2019; Shadlen & Shohamy, 2016;
Vanunu et al., 2019). Sequential sampling models propose that, during the decision-making
process, the evidence for different choice alternatives is accumulated until it supports one of the

possible alternatives clearly enough to decide. Sequential sampling models have proven to be
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valuable models of decision-making in perceptual decisions (Ratcliff et al., 2018; Ratcliff &
McKoon, 2008; Ratcliff & Rouder, 1998, 2000) as well as value-based decisions (Busemeyer et
al., 2019; Busemeyer & Townsend, 1993; Krajbich, 2019; Krajbich et al., 2010; Krajbich &
Rangel, 2011; van den Berg et al., 2016).

Even though we are not directly testing sequential sampling from memory here, it
produces important predictions for the relation between the variation in experienced values and
confidence. Specifically, in order to collect evidence to be used in the evaluation of objects (i.e.
to construct the evaluation of objects), previous experience with these objects (within a certain
context) is recalled and integrated into a sample of evidence. We propose that this sample of
evidence forms a value distribution akin to the aforementioned probability distribution: a
distribution that encodes probabilities of previously experienced object values. The variance of
this value distribution describes the (inverse) quality of the underlying evidence with increasing
variance resulting in lower confidence in an evaluation. Moreover, we propose that, during
binary choice, two value distributions need to be compared. Specifically, when evaluating the
value difference between two items (Lim et al., 2011), the amount of conflicting information
about the superiority of either option, should be reflected by post-choice confidence.

Interestingly, this idea is extending previous research on confidence in value-based
decisions for binary choices that described confidence as a mere reflection of the value
difference of choice alternatives (Folke et al., 2016; Lim et al., 2011) rather than how clear the
evidence is for a given value difference. In other words, what matters for post-choice confidence
should not mainly be the value difference, but rather the variance of possible value-differences
(Lebreton et al., 2015; Pouget et al., 2016). This is an important distinction, as two choice

alternatives might have a small but very reliable value difference, or a rather large but very
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uncertain value difference.

Altogether, the goal of the current project was to investigate the nature of confidence in
value-based decisions. Specifically, we examined three overarching questions (see Footnote 1).
Q1: How does a value distribution’s variance relate to confidence in the evaluations of an
object? That is, if the values that people have learned about an object have higher variance, will
they then be less confident when evaluating the objects? P1: We predicted that people would be
less confident in the evaluations of an object when the object’s value distribution has high
variance.

Q2: As outlined above, we assume that people construct values through sequential
sampling of experiences from memory. This raises the question whether repeated evaluation of
the same object is more variable when an object’s value distribution has high variance. P2a: We
predicted that variance of value distributions would give rise to more diverse evaluations if the
item is rated repeatedly. P2b: Moreover, we predicted that this higher evaluation variability
would, again, be related to lower confidence.

Q3: Finally, we examined how the overlap of two value distributions influenced post-
choice confidence. P3: We predicted that higher overlap between value distributions of two
objects would result in lower post-choice confidence (see Footnote 2).

An obvious challenge here is that value distributions cannot be controlled for most
ecological stimuli as the underlying value distributions are learned throughout a person’s
lifetime. Therefore, we designed two experiments where participants first learned the value
distributions of 6 novel fractal pictures (the /learning task), which were manipulated in terms of
average value and variance using a rapid serial visual presentation (RSVP) paradigm (Kunar et

al., 2017; Tsetsos et al., 2012). Next, an evaluation and confidence-judgement task assessed
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participants’ evaluation and confidence judgements of the manipulated value distributions
multiple times per fractal. Next, we administered a Distribution Builder task (Sharpe et al., 2000)
in which participants were told to recreate previously learned value distributions by stacking
points on a scale. Finally, we employed a binary-choice paradigm in which we systematically
varied the overlap of value distributions assessing choices and the associated post-choice
confidence. In Experiment 3, in which we used pictures of natural food items, we employed the
latter three tasks to investigate whether we would find correlational support for the hypotheses
using ecological objects.

As predicted, we find that value distribution width influences confidence in evaluations
of novel stimuli and relates to confidence in evaluations of food items. Moreover, confidence in
a choice between two items is predicted by overlap between the respective value distributions.
However, exploratory analyses show that choices and post-choice confidence can better, and
theoretically more parsimoniously, be predicted by a single distribution representing the
difference between the two value distributions of the two choice alternatives.

Experiments 1 and 2

Method

All reported experiments were approved by the Ethics Committee of the Faculty of Social
Sciences of Radboud University and all participants provided informed consent. As Experiment
2 was a direct replication of Experiment 1 with only small adaptations, we report both
experimental methods together. The differences are mentioned in the descriptions below. The
preregistrations of both experiments, the Python programs (version 3.7) using pygame (version
1.9.4; Shinners, 2011) and PsychoPy (version 3.1.4; Peirce, 2007) can be found at

https://osf.i0/4sr3m for Experiment 1 and https://osf.i0/haz3b for Experiment 2.
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Participants. For Experiment 1, we recruited 62 participants (44 female, 17 male, 1
other; Myge =24.40 years, SD,e. = 7.02), based on an a-priori sensitivity analysis aiming for a
power of 80% at an alpha level of .05 allowing us to detect any effect bigger than /= .18 for
repeated-measures ANOVA and odds-ratios of at least 1.68 for logistic regression. We deemed
this as sensitive enough to detect effects that were potentially interesting in this domain (see
Footnote 3). For Experiment 2, we collected 60 participants (44 female, 16 male; Mg =26.92,
SDuge =9.02). We used results from Experiment 1 for an a-priori power simulation in R (R Core
Team, 2019) using the simulation method described in Schad, Betancourt, and Vasishth (2019)
as a template (the associated R-script is available on the OSF page of Experiment 2). The lower-
bound of the Bayesian 95% credible interval for the effect of value distribution width on
confidence (P1) from Experiment 1 was used as a conservative estimate for the effect size and
the standard error of that effect was used as the sampling error for the effect size. We tested the
null hypothesis that not more than 5% of the posterior density for the effect is opposite to the
predicted direction in 80% of the simulations. This resulted in a sample size of 60 participants.

Materials. Six pictures of fractals from Mathot, Siebold, Donk, and Vitu (2015) were
chosen as novel objects and were randomly (across participants) matched to one of the six value
distributions. Each fractal was coupled with one value distribution during the learning task
described below. We chose the normal distribution as the shape for each value distributions for
both methodological and theoretical considerations. First, normal distributions are conveniently
described by the mean and SD, which are straightforward quantities to operationalize expected
value and value uncertainty of a distribution. Second, they are theoretically compelling assuming
that the experienced value of an object converges towards a specific mean from which different

factors might cause random deviations (for a specific person within a specific context); a process
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that naturally results in a normal distribution (Frank, 2009). Third, they have been frequently
used in related decision-making models such as risk-return models in which the risk is defined as
the second moment (variance) of the probability distribution (Levy & Markowitz, 1979).
Following a procedure from Goldstein and Rothschild (2014), we constructed value
distributions by simulating six large (N = 1,000,000) normal distributions. The random draws
from each distribution were ordered and each 10,000 value was taken (starting at the 5000™
value) so that the resulting sample of 100 values of each distribution would closely resemble the
shape of a normal distribution (see Footnote 4). The specific distributions that were sampled
from are D1(p =80, 6 = 15), D2(n = 100, 6 = 20), D3(n = 120, 6 = 30), D4(n = 130, o = 40),
D5(n =150, 6 = 10), and D6(p = 160, ¢ = 5). These distributions were chosen as their
combination exhibited rather low correlation (r = -.25) between absolute value and spread of the
distributions, which we thrived to minimize but could not entirely eliminate due to other
constraints, such as our desire to use various different distribution widths rather than e.g. only
two to demonstrate that the effect has some linearity to it rather than to demonstrate a mere
difference between e.g. two groups. This minimized confounding influences of risk aversion on
evaluations, and of absolute value on confidence. It is has for example been shown that
evaluations and confidence about evaluations are correlated for real-life objects such as food
items (Polania et al., 2015), which is one of the core elements that the present research strived to
disentangle. Thus, each value distribution contained 100 sampled values from the defined normal
distribution. Across distributions, the individual values ranged from 0 to 225 eurocents. Figure 1

provides an overview of the fractals and value distributions.
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Figure 1. Overview of Materials in Experiments 1 and 2. The fractals shown above were

randomly matched with one of six distributions (the densities of the underlying sampling

distribution is shown here) that were varied in their mean and SD. From each distribution, 100

values were sampled and presented to participants during the learning phase.

Procedure. The described value distributions and fractals were used in four experimental

tasks. Participants completed the first three tasks (a learning task, an evaluation and confidence-

judgement task, and a distribution builder task) for the first fractal before starting with the second

fractal and so forth. After completing the first three tasks for all fractals, participants engaged in
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a binary choice task. Figure 2 provides an overview of the experimental procedures. Before
partaking in the actual experiment, participants saw detailed instructions for each task and
completed a short practice round to familiarize themselves with the procedures, as explained
below. They were given the chance to revisit the instructions and rehearse each task, before
starting the actual experiment. In total, the experimental procedure took about 45 minutes and
participants were rewarded with €7.50 to €10 depending on their reward from the binary choice
task.

Learning Task. The first task in Experiments 1 and 2 was a learning task in which
participants saw a fractal and 100 values from one of the six value distributions (randomly
assigned to the respective fractal). Before starting the task, we informed participants that the
fractal that they were about to see identified a money bag that is attached to it. They were
informed the money bag contains a large number of coins of different values of which 100 coins
will be presented to them at random. We also informed them that it was important to learn the
association between fractals and money bags as they would choose one fractal later and one
random coin from the money bag would be paid out in addition to their compensation. We
presented the values in a rapid serial visual presentation (RSVP) stream paradigm (Kunar et al.,
2017; Tsetsos et al., 2012) in which the 100 values within the value distribution were flashed
alongside one of the fractals in random order. Each value was shown for 600 milliseconds with
200 milliseconds breaks between values resulting in a learning phase of 80 seconds per fractal.
This procedure was implemented to simulate learning by experience which we assume underlies

the value learning for actual stimuli such as foods.
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Figure 2. Procedure of Experiments 1 and 2. Learning. First (blue panel), one by one, the

individual values from each distribution were presented in the learning phase. Evaluation and
Confidence. Second (turquois panel), participants were asked to rate the average value of the
picture based on the underlying value distribution and state their confidence in their ratings on a

circular rating scale. On two thirds of the trials during the rating task, number-matching trials
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were presented in which numbers must be matched on the scale. Distribution Builder. Third
(green panel), participants recreated the value distribution in the distribution builder task by
distributing 100 points based on their expectation about the next 100 coins that would be
presented for the specific distribution. Binary Choice. After completing these three tasks for all
pictures and distributions, participants completed an incentivized choice task and post-choice

confidence judgements (yellow panel). Fractal pictures originate from Mathot et al. (2015).

Evaluation and Confidence Judgements. In the subsequent task, participants were asked
to rate the average value of the fractal on a circular rating scale comparable to the scale used by
Kvam and Pleskac (2016). The circular shape was meant to enable us to assess whether wider
value distributions result in longer evaluation times, as the distance between the starting position
of the mouse cursor and each point on the circular line were identical. The scales had a precision
of 200 points. For each trial, participants were asked to put the mouse-cursor in a red box that
was at the center of the half circle that represented the rating scale. In total each item was rated 5
times in 5 different blocks consisting of four trials of two different trial types presented in
random order:

(1) In one out of four trials, the evaluation trials, the previously learned fractal was
presented to participants. Here, participants were asked to indicate the average value of the
money bag. To give their evaluation, participants needed to cross the rating scale at the intended
position that best reflected their assessment of the average value. Eleven tick marks were
presented alongside the scale ranging from 0 to 200 in steps of 20. All evaluation trials were
immediately followed by a confidence-judgement trial in which participants were asked to

indicate their confidence on the same circular scale with scale anchors at 0 = not at all confident
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and 200 = very confident.

(2) on the remaining three out of four trials, the number-matching trials, participants saw
a number representing an arbitrary point on the scale and were asked to cross the scale at the
position indicated by the number. These trials were used to check whether participants’ motor
accuracy was similar across the scale and to reduce the influence of previous ratings on the
follow-up ratings. This is, when the ratings occurred directly after each other, participants might
see the first trial as an actual evaluation and merely try to give the same motor response on
subsequent trials. While this is not ruled out by intertwining the number-matching trials, the
memory load of repeating the previous evaluations on a motor level is certainly increased. Thus,
when giving subsequent ratings, this increases the chance that each trial represents a (new)
evaluation.

Thus, each fractal was evaluated five times followed by five confidence judgements,
which were randomly intertwined with 3 number-matching trials across 5 blocks.

Distribution Builder. Following the evaluation and confidence judgement task,
participants engaged in an adapted version of the distribution builder task from Sharpe et al.
(2000). In this task, participants were asked to imagine that they were to draw 100 new coins
from the money bag (i.e., value distribution) represented by a given fractal. Furthermore, they
were asked to place each of these 100 imaginative coins on the scale, stacking coins that they
would expect to draw multiple times, thereby creating a distribution that accurately resembled
the value distribution that they learned earlier. Building a distribution was achieved using the
computer mouse by clicking above the scale at the respective position on the scale where they
wanted to add a coin. In case participants felt like having made a mistake, coins could be

removed and redistributed by clicking below the scale at the respective position (these removed
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coins could then again be distributed). Once they were satisfied with all 100 distributed coins,
they could click on continue. This task was completed once for each fractal.

Binary Choice Task. After completing the previous three tasks for each fractal,
participants completed a binary choice task in which they chose between all possible
combinations of two fractals. Each pair was repeated 5 times while switching presentation sides
of the choice options after each block. Participants were informed that they should try to always
choose the fractal that they thought would yield a greater monetary reward. They knew that one
choice trial would be randomly selected and from the money bag associated with the fractal
chosen in that trial, one coin would be randomly selected with the amount be paid out to them at
the end of the experiment. The earnings were rounded up to the closest 50 eurocents mark adding
50 to 250 eurocents to their compensation. For each choice, participants were asked to select the
left or right image by pressing the corresponding arrow key on the keyboard followed by a green
frame around the selected picture for 500 milliseconds. In Experiment 1, there was no time limit
for choosing. In Experiment 2, choices had to be made within 3 seconds (to make choices more
comparable to food choices for which people often decide rather quickly; Chen et al., 2019) and
were repeated later if participants did not choose within this time window. Each choice was
immediately followed by a post-choice confidence assessment requiring participants to indicate
their post-choice confidence, i.e. how confident they were that they chose the higher value
fractal, on the same circular scale that was used for the evaluations and confidence judgements.
During the confidence assessment of Experiment 1, participants were only presented with the
picture that they selected in the previous choice. In Experiment 2, we changed this to a
presentation of both choice options with a green frame around the chosen picture to put more

emphasis on the comparison between the two items during confidence judgements.
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Exclusion Criteria. We defined the following participant-based and trial-based a-priori
exclusion criteria in the preregistrations: Single trials were excluded when a response-time on a
trial in any of the tasks was less than 50 milliseconds or more than 10 seconds. Participants were
excluded from all analyses when we observed: (1) An average deviation of more than 50% of the
scale-width on at least half of the number-matching trials, that is, trials on which numbers are
displayed indicating at what value the scale needs to be crossed in the rating task. This was done
to ensure that participants could use the scale with reasonable precision. (2) An average
difference of less than 10% of the scale on the picture-ratings. That is, when despite the
manipulated differences in value, all fractals were rated identically (the averaged ratings across
the 5 trials per fractal were compared), the participant was excluded. (3) More than 50% of the
response times were 50 ms or shorter.

The participant-based criteria did not apply in either experiment. However, 1 participant
was post-hoc excluded from the analyses in Experiment 1 as the person was not sufficiently
fluent in English and needed translations from the experimenter to understand the task. This
resulted in long breaks between the different parts of the experiment (e.g. learning and evaluation
and confidence-judgement task), which is why the person was excluded from analyses. This
resulted in final sample sizes of 61 and 60 participants, respectively. The trial-based criteria were
applied separately for each analysis.

Data Analysis

All research questions and hypotheses were preregistered on the Open Science
Framework. The preregistered hypotheses are exhaustively discussed in the manuscript for
Experiment 2 and Experiment 3, while for Experiment 1, some of the preregistered hypotheses

are omitted from the manuscript for the purpose of readability but are reported in the
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supplemental materials (section 2). The supplementary materials also contain detailed
information on model fitting and model selection (section 1). It should also be noted that in the
preregistration we mentioned the use of Bayesian mixed effects models, but without the model
family. Different model families lead to similar results, and we opted for the model with the best
fit, based on visual inspection and estimated log posterior density as implemented in the loo
package (Vehtari et al., 2019). This is partly because some aspects of the data were difficult to
predict and a model that captures these aspects (e.g. skewness) can make the estimates less prone
to outliers and provide a better representation of the data-generating process as opposed to, for
instance, Gaussian models that might be prone to overfitting the mean and variance of the
response distribution while failing to capture other aspects of the response distribution such as its
skewness. Thus, while the preregistration does not specifically mention some aspects of the
models, it can be seen as a logbook that clearly outlines our knowledge about the project before
data collection while the steps taken during model-evaluation are described in detail in the
supplemental material (section 1).

All data-analyses were conducted in the Statistical Software R (version 3.6.1; R Core
Team, 2019). Specifically, Bayesian mixed-effects models were estimated in the probabilistic
programming language Stan (Stan Development Team, 2016) and interfaced via the brms
package (version 2.10.0; Biirkner, 2018). For all models, we followed a maximal model
approach (Barr et al., 2013) by including crossed random intercepts for participants and either
stimulus or choice pair. Random slopes on both random intercepts were added for all predictors
in the model. Model families were chosen based on theoretical assumptions and model fit so that
we ended up with three different model families for the three different dependent variables that

were used:
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(1) Evaluations and confidence judgements (P1, P2b and P3) were modelled as Beta-
Binomial distributions. For these analyses, each observation constitutes one of the five
evaluations or confidence judgements given by a participant for a particular item. To account for
the dependence of the 5 repeated measurements for the same item per participant, random slopes
were added for all focal predictors across both, participant ID and item ID, which were added as
random intercepts to the model. (2) SDs of evaluations in P2a were implemented as lognormal
models where each observation is the SD of the 5 evaluations for each item per participant.

For the evaluation and SD models, the reported results were checked for robustness by
fitting gaussian and skew-normal models. For all models, we used weakly informative priors that
are described in the supplemental material (section 1). We interpreted the results based on the
proportion of posterior density (pp) of the focal predictor in the direction opposite of the
prediction (pp- for expected positive estimates and pp- for expected negative estimates). Note
that, if the reader desires to infer a more traditional statistical significance criterion based on this
number, e.g. p < .05, the criterion needs to be divided by 2 (e.g. p <.025 instead of < .05), as the
posterior density statistics are one-sided. However, as we prefer more fine-grained labels based
on the posterior distribution to binary decisions about the presence or absence of an effect, we
use the labels ‘somewhat credible’ for posterior probabilities (pp+ or pp-) between .025 and .01
(between 25 and 10 out of every 1,000 samples from the posterior are in the opposite direction to
what we expected), ‘credible’ between .01 and .001 (between 10 and 1 out of every 1,000
samples from the posterior are in the opposite direction to what we expected) and ‘highly
credible’ for anything <.001 (less than 1 out of every 1,000 samples from the posterior are in the
opposite direction to what we expected).

We analyzed the data using Bayesian mixed-effects models. For Experiments 1 and 2 we
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report the respective estimates as Expl and Exp2 in addition to a combined estimate (Combined)
for the combined data of both experiments. The combined estimates are reported in text and
figures, while the estimates for the main predictions of Experiment 1 and Experiment 2 are
presented in Table 1.

The rationale behind combining the datasets is that the from a Bayesian perspective,
given that the two experiments were almost exact replications, the combined data provide the
best posterior estimate for the effects of interest as it includes all collected data. We additionally
estimated an effect for experiment number (i.e., Experiment 1 or Experiment 2) in the combined
model and an interaction between the experiment number and the focal predictors. If this
interaction is found to be credible in combination with a non-credible effect for the focal
predictor in either experiment in isolation, this might suggest that the effect in the combined data
is driven by one experiment alone. If the interaction is credible and in both experiments the
effect of the focal predictor is also credible, then the interaction suggests a stronger effect in one
of the experiments. If the interaction is not credible, the effects in both experiments do not differ
from each other, meaning that the combined results are not driven by either experiment alone.
For brevity, we only report significant interactions and what they mean for the interpretation of
the results (this was only the case for Question 1; the full report of the experiment number effects
and interactions can be found in Supplemental Material, section 5). All data, modelling code in R
including prior specifications and MCMC settings, extensive analysis reports, programs and

other files related to the project are available on the OSF at https://osf.io/q72sm/.

Results

Q1: Relation between variation in experienced values and confidence
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We tested whether the width of the manipulated value distributions in Experiments 1 and
2 influenced how confident people were in their evaluations (henceforth post-evaluation
confidence) of the fractals. As preregistered, to address the possibility that these results were a
mere reflection of inaccurate learning of the value distribution, we controlled for participants’
learning accuracy (i.e., the number of coins that participants distributed in the distribution builder
task that matched the learned distribution).

Learning accuracy was on average 67.19 out of 100 coins (SD = 15.28) in Experiment 1,
and 66.81 coins (SD = 16.16) in Experiment 2 (M = 67.00, SD = 15.72). P1 was confirmed with
highly credible effects of value-distribution width on post-evaluation confidence (Estimate =
-0.21, 95% CI [-0.25, -0.17], pp+ < .001, Figure 3). This effect was larger in Experiment 2
compared to Experiment 1 (see Table S7 in supplemental material). Interestingly, there was no
credible influence of learning accuracy on post-evaluation confidence (Estimate = 0.01, 95%CI
[-0.00, 0.02], pp- = .070; see Footnote 5). This suggests that post-evaluation confidence is related
directly to the variance of the value distribution instead of representing participants’ ability to
accurately represent the value distribution.

Table 1

Results from individual analyses of predictions 1 to 3 for Experiments 1 and 2.

Prediction Experiment Estimate CI DP+/-
1 1 -0.15 -0.23, -0.06 <.001
1 2 -0.29 -0.40, -0.18 <.001
2a 1 0.05 -0.02, 0.12 .082
2a 2 0.04 -0.05, 0.12 159
2b 1 -0.03 -0.05, -0.01 .004
2b 2 -0.02 -0.04, 0.00 .038
3 1 -0.02 -0.03, -0.01 .002
3 2 -0.02 -0.03, -0.01 .002
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P1 - Value distribution variation and confidence (fractals)
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Figure 3. Relation between SD of value distributions and evaluation-confidence for the
combined data of Experiments 1 and 2. Blue dots represent raw data, thick blue lines represent
observed means and thin blue lines the 25™, and 75™ percentile. Black solid lines and grey
shaded areas represent model estimated means and 95% credible interval. Dashed black lines

represent the 95% predictive interval.

Q2: Relation between value distributions, rating variability, and confidence

To investigate whether more diverse experiences resulted in increased variability in
evaluative ratings, we predicted the SD of the five evaluations that each participant provided for

each fractal by the manipulated value distribution width in Experiments 1 and 2 (see Footnote 6).
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In contrast to P2a, we found no credible influence of the manipulated value distribution width on
the rating variability (Estimate = 0.04, 95% CI [-0.00, 0.08], pp- = .033; Figure 4A). The effect
became somewhat credible when excluding extreme evaluation SDs (Estimate = 0.04, 95% CI
[0.00, 0.07], pp- = .015; Figure 4B).

For P2b (not preregistered for Experiment 1), the prediction that higher variance of
evaluations would be related to lower confidence judgements was credible in the combined data
(Estimate = -0.02, 95% CI [-0.03, -0.01], pp+ = .002; Figure 4C; see Footnote 7) and remained
somewhat credible after excluding extreme evaluation SDs in the combined data (Estimate = -

0.15, 95% CI [-0.27, -0.03], pp+ = .013; Figure 4D).
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P2a - Evaluation variability and value-distribution width (fractals)
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Figure 4. P2 for combined data of Experiments 1 and 2. A-B) P2a: evaluation variability as a
function of value distribution width with and without 3-MAD outliers on the outcome excluded.
Blue dots represent raw data, thick blue lines represent observed means and thin blue lines the 25,
and 75™ percentile. Black solid lines and grey ribbons represent model estimated means and 95%
credible interval. Dashed black lines represent the 95% predictive interval C-D) P2b: confidence as
a function of SD of evaluations with and without 3-MAD outliers on the predictor excluded. Black
solid lines and grey ribbons represent model estimated means and 95% credible interval. Dashed

black lines represent the 95% predictive intervals.
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P3 - Value-distribution overlap and post-choice confidence
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Figure 5. P3: Relation between value distribution overlap and post-choice confidence. A) Combined
data of Experiments 1 and 2. Note that overlap starts at 10 points as lower-overlap choice pairs were
excluded (preregistered). B) Experiment 3. Black solid lines and grey shaded areas represent model
estimates of mean confidence and 95% credible interval. Dashed black lines represent 95% predictive

intervals.

Q3: Relation between value distribution overlap and post-choice confidence

We tested the prediction that higher overlap between two value distributions in a choice
pair (i.e. how many points the distributions of the choice alternatives share) would result in lower
post-choice confidence. We added value difference as a predictor to the model, to exclude the
possibility that the variance explained by overlap is inflated by the shared variance with value
difference. This was not preregistered but makes the reported analyses less likely to yield results
that are confounded by value difference (see supplemental material, section 7). We found
credible evidence for an effect of overlap on post-choice confidence (Estimate = -0.02, 95%CI [-

0.02, -0.01], pp+ < .001; Figure 5A). There was also a credible negative effect of value
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difference, suggesting lower confidence for items that had a larger value difference, but this
effect might be difficult to interpret due to possible collinearity concerns (see supplemental
material, section 7; Estimate = -0.01, 95%CI [-0.02, -0.01], pp+ < .001).
Experiment 3
Method
In a third study, instead of manipulating distributions of novel fractals, we used familiar
food items as stimuli of which we measured the distributions. The preregistration of the study

and its implementation can be found at https://osf.io/vdn2s.

Participants. In the absence of a good estimate of the expected effect size based on
previous data on food items and in line with Experiment 1, another 61 participants were invited
to the lab (48 female, 13 male; Mg = 23.28 years, SDug. = 6.24).

Materials. We used pictures of 24 food snacks by Veling et al. (2017) that were of about
equal size and comparable prizes that were all available in common supermarkets in the
Netherlands. The selected food snacks were taken from four different categories: 6 vegetables
(e.g., baby carrots), 6 fruits (e.g., apple), 6 savory snacks (e.g., potato chips), and 6 sweet snacks
(e.g., chocolate). All food pictures can be found in the materials provided with the preregistration
link.

Procedures. The procedures were highly similar to the ones of Experiments 1 and 2.
Most important, however, Experiment 3 did not involve a learning phase as the food snacks that
were chosen were very common in the Netherlands and likely well-known by the participants.
Thus, the value of each food snack was based on previously learned experiences with these
snacks. Moreover, the use of food items with pre-existing values allowed us to present all items

in a task before administering the next task, as participants could not get confused about the
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values that may be connected to the different items. There were a few additional differences that
are discussed for each task separately.

Evaluations and Confidence Judgements. Each food picture was presented for an
evaluation and confidence judgement four times in a block wise randomized order. The rating
task in Experiment 3 did not include any number-matching trials as the repeated evaluations for
specific food items were separated by evaluations of other food items reducing the probability
that participants would base their current evaluation on a previous evaluation of the said food
item.

Distribution Builder. As we did not manipulate any values in Experiment 3, there was no
objective criterion for a correct representation of the value distribution. Thus, the distribution
builder task was conceptually different in that participants had to not recreate, but elicit from
scratch, a distribution that they thought would represent the value distribution of the food items.
We instructed participants to imagine consuming a food item multiple times and that across these
consumptions, the liking of a food item might vary. To simulate this experience, we asked them
to build a distribution from 20 hypothetical consumptions of each food item on a 200-point scale
from not at all appealing to very appealing. We reduced the number of points to be distributed to
20 (as opposed to 100 in Experiments 1 and 2) to reduce the duration of the task with 24 food
pictures. The range of this scale was chosen in line with prior research on food-evaluations
(Chen et al., 2016, 2019; Quandt et al., 2019)

Binary Choice Task. Due to time constraints, we could not present participants with all
possible combinations of the 24 food items. Instead, we matched pairs based on participants’
individual ratings of the food items to create pairs with relatively small value differences. The

matching process was restricted to other criteria for some of the choices that were important to
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answer additional research questions, namely healthiness and sweetness, but are not relevant for
the present study. This resulted in 36 choice pairs per participant, of which 12 were constructed
based on the smallest possible mean-value difference in the distribution builder task, 12 pairs
based on the smallest possible value difference within each health category of the food pictures
(either both healthy or both unhealthy), and 12 pairs that were matched on values across health
categories (creating healthy vs. unhealthy pairs). Each choice pair was repeated once with
counterbalanced positions of the choice alternatives. Before the task, participants were informed
that choices would be consequential in that one of the choices would be paid out to them after the
experiment in the form of one of their chosen food snacks that they could take home. To this end,
we added two more filler choice pairs between four different food snacks that we had available
in the lab and that were always used as the consequential choices to minimize the diversity of
food that we had to have available in the lab and therefore to minimize food waste due to
expiration of products.

Food Property Questions. For exploratory purposes, Experiment 3 included a
questionnaire in which people were asked about different properties that they ascribe to the
respective food. Participants were asked to rate their familiarity with the food ("How often do
you eat this food?") on a 10-point scale from never to very often and to rate their experienced
similarity of the food’s taste ("If you would eat this food multiple times, how similar would it
taste each time?") on a 10-point scale from always different to always the same. Moreover,
participants rated the foods complexity. They were presented with 11 different attributes (sweet,
salty, sour, umami, bitter, watery, spicy, mild, bland, nutty, smoky) and indicate which of these
attributes they ascribed to the food item by checking the respective boxes. The number of

checked boxes were added up to a score from 0 to 11 (where higher scores are interpreted as
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higher complexity).

Exclusion Criteria. We preregistered that if two evaluative ratings within a food item
within a participant differed by more than 100 points on the rating scale (50% of the scale
width), this item was omitted from all analyses for that participant. The reasons for this were that
on the one hand, extreme differences could point to bi- or multimodal value distributions which
is a more general application of value distributions that we do not investigate here. On the other
hand, extreme value differences could hint at other processes that might shadow or inflate the
effects that we are interested in here.

Results
Q1: Relation between variation in experienced values and confidence

We predicted that measured variation in experienced values, as assessed by the
distribution-builder task, was related to confidence in evaluations of natural food items. This
prediction was confirmed (Estimate = -0.07, 95% CI [-0.11, -0.05], pp-< .001; Figure 6A). As
Figure 6A shows, there were a few distributions with very extreme SDs leading to inaccurate
predictions for those extreme values. We therefore exploratively repeated the analysis without
these extreme observations based on a 3 Median-Absolute-Deviation (MAD) criterion (Leys et
al., 2013). This did not change the results (Estimate = -0.15, 95% CI [-0.18, -0.11], pp-< .001;
Figure 6B).

Q2: Relation between value distributions, rating variability, and confidence

We found highly credible support for a relation between measured distributions and
evaluation variability in line with P2a (not preregistered; Estimate = 0.07, 95% CI [0.04, 0.12],
pp-<.001; Figure 7A). Excluding outliers did not change the results (Estimate = 0.15, 95% CI

[0.09, 0.20], pp- <.001; Figure 7B). Moreover, in line with P2b, there was a highly credible
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relation between this rating variability and confidence (Estimate = -0.03, 95% CI [-0.03, -0.02],
pp+ <.001, Figure 7C), which remained highly credible after excluding outliers (Estimate = -
0.03, 95% CI [-0.04, -0.02], pp+ < .001; Figure 7D).
Q3: Relation between value distribution overlap and post-choice confidence

There was no credible effect of overlap (Estimate =-0.01, 95%CI [-0.03, 0.01], pp+ =
.107; Figure 5B) nor of value difference (Estimate = -0.01, 95%CI [-0.03, 0.01], pp+ = .224) on

post-choice confidence.
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Figure 6. Relation between SDs of value distributions created by participants in the distribution
builder task and confidence in their previous evaluations of food items in the evaluation-task.
Blue dots represent raw data. Black solid lines and grey ribbons represent model estimated
means and 95% credible interval. Dashed black lines represent the 95% predictive interval. Panel
A shows the complete data. Note that due to only very few observations with high SD the model
does not represent those observations well. Panel B shows data with extreme values for the
predictor being excluded, based on a 3-MAD criterion. Please note the different x-axis ranges
and that the fit curves are not linear on the response scale as the beta-binomial models that are

used are fitted on the log scale.



30
CONFIDENCE IN EVALUATIONS AND VALUE-BASED DECISIONS

P2a - Evaluation variability and value-distribution width (fractals)
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Figure 7. P2 for combined data of Experiments 1 and 2. A-B) P2a: evaluation variability as a
function of value distribution width with and without 3-MAD outliers on the outcome excluded.
Blue dots represent raw data, thick blue lines represent observed means and thin blue lines the 25,
and 75™ percentile. Black solid lines and grey ribbons represent model estimated means and 95%
credible interval. Dashed black lines represent the 95% predictive interval C-D) P2b: confidence as
a function of SD of evaluations with and without 3-MAD outliers on the predictor excluded. Black
solid lines and grey ribbons represent model estimated means and 95% credible interval. Dashed

black lines represent the 95% predictive intervals.
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Discussion

First, the present research shows that confidence in evaluations of items can be causally
influenced by manipulating the width of the underlying value distribution of these items. People
reported less confidence in their item evaluations for items with wider distributions, and this
effect was independent of the accuracy with which the distribution was learned. Remarkably, this
association between value distribution width and confidence was also found for natural food
items for which the underlying value distribution could not be manipulated due to preexisting
individually acquired experiences. This latter finding provides further evidence that, also in the
absence of an external correctness criterion, confidence is related to the quality of the evidence
that an evaluation is based on.

Second, we investigated how variation in experienced values would be related to the
variability of evaluations. In line with the idea of sequential sampling from memory (Johnson et
al., 2007; Shadlen & Shohamy, 2016; Weber et al., 2007), we predicted that during item
evaluation, people would draw samples from the value distribution. Wider value distributions
should therefore result in more variable evaluations. For the novel fractals, we found that the
evidence did not clearly support this hypothesis. For the food items in Experiment 3, however,
there was a clear relation between the reported variation in experienced values and the evaluation
variability of the same food item. In addition, evaluation variability for food items predicted
evaluation confidence, while for the fractals, the evidence was less convincing (i.e. not credible
in Experiment 2).

An explanation for the different results for fractals and food items may be differences in
the reliance on episodic memory. Specifically, when repeatedly evaluating fractals, the first

evaluation might simply be recalled, and used during subsequent evaluations. For food items on
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the other hand, it is more plausible that each evaluation is constructed during each rating,
because repeated evaluations of the same food item were separated by evaluations of different
food items, and therefore generating new evaluations may be relatively effortless for these
familiar objects compared remembering previous evaluations. The larger rating variability for
food items compared to fractals further supports this argument. Furthermore, the rating
variability in food items might not only depend on the value distribution variability but also by
other factors such as the complexity in taste. While the exploratory analyses did not suggest any
relation between rating variability and food complexity, similarity in taste and familiarity it
cannot be excluded that there are other factors aside from the value distribution variability that
influence rating variability in foods.

Third, we predicted that post-choice confidence would be higher for choice pairs with
relatively low overlap. We found clear support for this prediction for fractals, but no support in
the preregistered analyses of food items. To investigate these mixed results, we examined an
alternative theoretical model for how value distributions could be combined during choice. We
originally assumed that, during binary choice, individuals would sample independently from
both value distributions and that overlap in the distributions would result in the overall lower
distributions sometimes producing higher-value samples compared to the overall higher-value
distribution. However, it has been argued that the value-signal during decision processes is
inherently comparative (Lim et al., 2011). Thus, in an additional exploratory analysis, we
assumed that individuals would directly sample value differences from a value-difference
distribution. Importantly, the higher the mean of such a value-difference distribution, the
stronger the evidence that one choice alternative is higher than the other. Furthermore, the wider

this distribution, the lower the quality of the evidence for how much higher one alternative is
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than the other. Interestingly, and in line with the reasoning above, choices were mainly predicted
by how different the values were from each other (the strength of the evidence), while post-
choice confidence mainly depended on how narrow the value-difference distribution was (the
quality of the evidence).

The presented research provides new insights regarding confidence in evaluations and
value-based decisions. Based on the confirmatory as well as exploratory findings reported here,
we conclude that we provide compelling evidence for the fact that confidence in evaluations and
value-based decisions is causally influenced by the quality of evidence on which the respective
evaluations or decisions were based. We show that confidence in evaluations can be manipulated
independently of the overall value of an item and is in fact unrelated to the mean value. This is
an important new empirical finding because for natural items, confidence and overall value are
often confounded, which typically makes it difficult to draw conclusions about the extent to
which confidence is related to overall value (Lebreton et al., 2015; Polania et al., 2015).

We show that confidence in evaluation and value-based choices is, in principle, unrelated
to value and is instead based on the variation of experienced values, which is in line with
research on perceptual and factual decision-making (Boldt et al., 2017; Lebreton et al., 2015;
Meyniel et al., 2015; Rolls et al., 2010; Vickers & Packer, 1982). Thus, the current work
provides important new insights for field of decision making by showing that explicit confidence
representations reflect the quality of evidence not only in perceptual and factual decisions, but
also in value-based decisions.

That learning accuracy (how accurately people were able to reconstruct value
distributions) was unrelated to confidence shows that even though the objective correctness of an

evaluation might vary, the confidence still reflects the inherent quality of the evidence. This
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seems to be at odds with previous literature suggesting that the perceived correctness of a
judgement does indeed influence confidence (Petrocelli et al., 2007; Tormala & Rucker, 2018)
and that confidence is mainly informed by the clarity of an evaluation (i.e. how clear is it to me
that this is my evaluation) as well as the perceived correctness of an evaluation (how correct does
my evaluation seem to be given external evidence; Petrocelli et al., 2007).

However, we think that this apparent discrepancy is consistent with the confidence-as-
evidence-quality framework suggested here and in other decision-making domains (Kepecs &
Mainen, 2012; Pouget et al., 2016). Specifically, earlier research proposes that people infer the
correctness of an attitude or evaluation through social cues such as apparent agreement with a
majority group (Petrocelli et al., 2007). As we do not explicitly provide correctness information
in the form of social cues or otherwise in the present studies, there is no such information that
participants can use. Furthermore, as we argued here, and exemplified in Experiment 3, objective
correctness information is often not available in evaluations and value-based decisions. This is
different from political and personal judgements that earlier research mostly investigated. Thus,
for value-based decisions, evaluation clarity seems to be the more relevant indicator of
confidence. In the current situation, e.g. evaluations of, and decisions between economical
values, social information might be less relevant. However, future research needs to address
whether and if external information, such as social norms would influence confidence
independently of the evidence quality, as it has frequently been shown that such external
information can have a strong impact on judgements (Clarkson et al., 2013; Petrocelli et al.,
2007; Tormala & Rucker, 2018; Visser & Mirabile, 2004).

The fact that the reported variability in previous experiences with food was related to the

variability of evaluations sheds light on the question why evaluations in psychological
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experiments often show variability even on very short time-scales and without contextual
changes (Chen et al., 2016; Folke et al., 2016; Quandt et al., 2019; Schonberg et al., 2014). This
has important theoretical and practical implications. First, research investigating preference
reversals (the phenomenon of people changing their mind about a preferred option) does often
rely on a broad set of different explanations for the observed switch in preference (Lichtenstein
& Slovic, 2006). However, all preference reversals might eventually result from an external
influence acting on the value sampling process. For instance, research has shown that
manipulating the salience of specific values causes preference reversals by acting on the
sequential sampling process during value-based decisions (Tsetsos et al., 2012).

Research on evaluation and value-based decisions would benefit from addressing this
issue by taking into account the underlying value distributions (Izuma & Murayama, 2013).
There have been repeated calls in the literature to assess evaluation confidence when measuring
attitudes or judgements to infer their stability (Abelson, 1988; Holland et al., 2003; Petrocelli et
al., 2007; Tormala & Rucker, 2018). The present research supports these calls and suggests that,
in cases where it might be undesirable to assess confidence directly, evaluations can instead be
assessed repeatedly as both, confidence and evaluation variability, likely tap into the same
underlying construct, namely the evidence quality. Moreover, exploratory analyses show that
food complexity, similarity in taste, and familiarity with a food item, three factors that one might
intuitively expect to influence rating variability, were not clearly related to rating variability in
the present research. Thus, for food items, the distribution builder task and confidence might be
more useful measures of an evaluation’s stability than questionnaires assessing food properties.

Limitations of the presented research should be considered. As much as it is a strength of

Experiments 1 and 2 to directly manipulate the variation of experienced values with novel
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objects, it is unclear whether the brief presentation of monetary values that we employed
accurately reflects learning in everyday-life situations. We provided some evidence for a similar
mechanism by showing that many of the findings hold for the natural food items in Experiment
3. However, we do not know for certain whether the similarity in findings between the
manipulated variation in experienced values for fractals and the reported variation in experienced
values for food is indicative of the same causal link. Specifically, confidence in Experiments 1
and 2 could, at least partly, reflect the fact that averaging an array of numbers is more difficult if
those numbers are more dispersed, thus reflecting a meta-cognitive judgement of difficulty rather
than variation. We believe that the missing link between learning accuracy and confidence, as
well as the converging findings for food items where the difficulty explanation does not apply,
speak against this point, but that it cannot be ruled out.

In similar vein, post-confidence judgements were not incentivized and are not value-
based in isolation (i.e. without applying them to evaluations). Thus, the relation between
confidence and distribution variance in Experiments 1 and 2 might be trivial, as mathematically,
confidence is defined as the inverse of variance (Parr et al., 2018). Like our previous point, this
boils down to the question whether participants were experiencing the task as an evaluative or
merely numerical rating. Again, we think that, while this remains a weakness of the first two
Experiments that cannot easily be ruled out, the comparable results for food items render it
reasonable to assume that confidence judgements are evaluative in nature in Experiments 1 and
2.

Moreover, there are some obvious differences between the learning procedure that we
applied for fractals and the acquiring of values in real-life, such as the limited stimulus set in

Experiments 1 and 2, the timescale of the learning process (throughout minutes vs. throughout
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life) and the richness of the experiences (seeing numbers on a screen vs. experiencing eating a
food). All of these factors could cause the underlying processes to differ between fractals and
foods. Unfortunately, especially the timescale challenge seems nontrivial and overcoming it
would ask for extensive longitudinal designs in which the exact learning history of several real-
life objects such as foods would need to be controlled. This seems practically and ethically
challenging. One possible way forward could be to combine multiple real-life objects into
ensembles (Yamanashi Leib et al., 2020) for which the value-distributions might be manipulated.
However, only little is known about how values are combined in ensembles and it is unclear how
combining items will influence confidence.

The presented research provides a starting point for studying confidence in evaluations
and value-based decisions. It shows that confidence in evaluations can be understood as a
judgment of the width of a value distribution that encodes the variation of experienced values.
By varying the width of the value distribution confidence can be manipulated. Moreover,
eliciting value distributions for well-known items with unknown learning-histories, such as food
items, provides insights into the variation of experienced values and the variability of
evaluations. This research offers the first causal empirical evidence that explicit confidence
representations in value-based decisions reflects the variability of an evidence probability
distribution, integrating it with other decision-making domains such as perceptual and factual
decision making.

Context of Research

This research was conducted as part of Julian Quandt’s PhD project about investigating

how a feeling of confidence arises for value-based decisions and how it influences the stability of

preferences and choice behavior. This project was inspired by the idea that individuals sample
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experiences from memory to construct a value during evaluations and decisions that serves as
evidence which is evaluated and expressed in a confidence judgement and was performed to
increase understanding of the instability of people's preferences, such as what they choose to eat.
We hope to use the insights together with interventions that promote healthy eating, such as the

go/no-go training in the future to see whether it can help to make effects more durable.
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Footnotes:
! These predictions are the predictions outlined in the preregistration of Experiment 2.
2 Note that our original predictions included two predictions for Q3. The one reported here as P3
was originally prediction P3b, while we also predicted that the overlap of value distributions
would increase the probability of choosing lower-value items (P3a). In response to reviewer
comments recommending focusing the discussions mainly on confidence instead of choice
outcomes, we excluded this prediction from the main text. However, note that this prediction was
not confirmed and is now reported in the supplemental material (section 6).
3 We conducted a frequentist power analysis for Experiment 1, because of the lack precise
information about the to-be-expected estimates to conduct a more precise Bayesian simulation-
based power analysis. After using the information gained from Experiment 1, we conducted a
more appropriate Bayesian power analysis for Experiment 2. Note however, that the sample-
sizes of both power analyses ended up being very similar suggesting that the initial approach was
not a bad estimate.
* As a reviewer pointed out, a more elegant solution to this problem is to directly utilize
percentiles to construct the distribution without the need for sampling.
> Note that the predictors seem numerically very small. This is because beta-binomial models are
fitted on the log-scale. Therefore, the estimates must be exponentiated to be transformed back to
the original scale. For instance, in this case the Estimate of 0.01 in Experiment 1, after
transformation back to the original scale, can be interpreted as a difference of 50 points on the
outcome as learning accuracy increases from 0 to 100. The supplemental material (section 4)
demonstrates this calculation. However, as effects can be non-linear on the response scale, the

transformed estimates can easily be misinterpreted. Therefore, we report untransformed



