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Abstract. This work explores the preferences that laypeople exhibit when making and 
evaluating predictions in the form of point estimates (e.g., the high temperature will be 66◦). 
I propose that people typically have diminishing sensitivity to prediction error: the absolute 
difference between a prediction and a realized outcome. As a result, people often prioritize 
“being right,“ focusing on achieving near perfect predictions and placing less emphasis on 
the magnitude of errors when errors occur. Across 16 studies using varying methods and 
stimuli, participants exhibited multiple behaviors consistent with diminishing sensitivity to 
prediction error: (i) predicting the mode of distributions, (ii) restricting predictions to possi
ble outcomes, (iii) reporting decreasing reactions to increasing marginal units of error, and 
(iv) preferring predictive models built with diminishing sensitivity to error. This behavior 
diverges from traditional methods of building predictive models and common interpreta
tions of people’s predictions, which often prioritize avoiding large errors and assume that 
people are predicting the mean. Ultimately, this work not only highlights the discrepancies 
between our current practices and people’s preferences for predictions but also calls for a 
more thorough exploration of human objectives before we build models for them to use or 
make inferences about their beliefs in light of a decision they made.
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Introduction
Prediction is a cornerstone of decision making, 
influencing both individual choices (e.g., investments, 
bets, and purchases) and organizational strategies 
(e.g., hiring, pricing, and strategic planning). Crucially 
for this work, we often give people predictions to 
inform them about the world. We also elicit predic
tions from people to learn about their beliefs. Often, 
these predictions are communicated as point esti
mates: specific numbers such as 66◦ for a high temper
ature instead of an entire distribution of possibilities. 
This simplification, although useful, relies on a critical 
process: selecting one value from a broader distribu
tion of potential outcomes. But how do we choose that 
one point? This selection isn’t arbitrary; it is deeply 
influenced by how people perceive and respond to 
different prediction errors (i.e., the difference between 
a prediction and the realized outcome).

In this paper, I investigate the nature of laypeople’s 
preferences regarding error and discover that they 
diverge significantly from the preferences commonly 
assumed by statisticians, modelers, researchers, and 
other experts. The results of 16 studies suggest that, 
when making predictions, people typically choose 
what they believe to be a likely outcome, focusing on 
their odds of achieving near perfect predictions and 
placing less emphasis on the magnitude of errors 
when errors occur. This insight is crucial because it 
diverges from the traditional methods of both building 
models and interpreting people’s predictions, which 
often prioritize avoiding large errors and implicitly 
assume that people are predicting the mean, respec
tively. Ultimately, this work not only highlights the 
discrepancies between our current practices and peo
ple’s preferences for predictions but also calls for a 
more thorough exploration of human objectives before 
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we build models for them to use or make inferences 
about their beliefs in light of a decision they made.

Scope of This Work
This work investigates people’s preferences regarding 
prediction error independent of any material outcomes 
(e.g., financial gains, purchases, awards, grades), using 
what I call “pure predictions:” predictions that have no 
consequences beyond the prediction error itself. Real- 
world examples of pure predictions include responses 
to surveys of consumer sentiment, market research 
studies, and certain psychological paradigms designed 
to study biased beliefs (see the general discussion for a 
concrete example). In addition to investigating prefer
ences over different magnitudes of prediction error in 
pure predictions, this work also tests whether these 
preferences influence decisions involving material out
comes (e.g., monetary rewards).

I propose that people strive to make and receive 
what they believe to be good predictions even when 
material consequences are at stake. This proposal 
aligns with findings that people sometimes reject pre
dictive algorithms after seeing them make errors even 
when adopting those algorithms yields greater finan
cial rewards (Dietvorst et al. 2015, Dietvorst and 
Bharti 2020). This tendency reflects a broader pattern 
observed in decades of research, which suggests that 
people do not necessarily adopt the prediction strat
egy that maximizes the relevant material outcome of 
interest (see Estes 1950, Dawes 1979, Grove and Meehl 
1996, Vulkan 2000, Highhouse 2008, Dietvorst 2025). 
Consistent with this proposal, Studies 3a–3d and S3e 
find that people’s preferences regarding error influ
ence their decisions even when material rewards are at 
stake. People’s valuation of material rewards undoubt
edly plays a major role in their decisions as described 
in many models of decision making under risk (see 
Starmer 2000); however, I suggest that their valuation 
of prediction error also plays a meaningful role even if 
it is not the sole determinant of their decisions.

Generating Predictions
Generating a prediction in the form of a point estimate 
represents a fundamental decision-making process 
under uncertainty (Goodwin 1996). In theory, the deci
sion maker combines their beliefs regarding the likeli
hood of various outcomes occurring with preferences 
over different magnitudes of errors to derive the predic
tion. For example, a decision maker generating a predic
tion of the number of points scored in a sports match 
may consider how likely they believe different outcomes 
to be and how they feel about different magnitudes of 
accuracy (e.g., being off by two versus four) to deter
mine which point maximizes the expected rewards (or, 
equivalently, minimizes the expected penalties). This 
process mirrors the underlying mechanics of many 

predictive models built using cost-minimization calcula
tions (e.g., minimizing the sum of squared residuals). In 
sum, predictions in the form of point estimates (ŷ) are a 
function of the predictor’s preferences over different 
magnitudes of error (i.e., the penalty function, P) and the 
predictor’s distribution of beliefs about the likelihood of 
various outcomes (B):

ŷ � f (P, B): (1) 

If this conception of the prediction process holds for 
laypeople, then understanding their preferences over 
different magnitudes of errors is crucial for anyone 
interpreting their predictions or supplying them with 
predictions. When it comes to interpreting predictions, 
consider a researcher trying to understand a person’s 
beliefs given a prediction the person made. Without 
knowledge of the penalty function, the researcher faces 
one Equation (1) with two unknowns: the penalty func
tion (P) and the distribution of beliefs (B). For example, 
when a respondent predicts that inflation will be 5% 
next year in a survey of consumer sentiment, what 
does this prediction represent? Does it represent the 
mean of the respondent’s beliefs, the median, the out
come the respondent believes to be most likely (the 
mode), or something else? Without this knowledge, it 
is hard to make accurate inferences about the respon
dent’s beliefs.

When it comes to providing predictions, consider 
trying to supply a recipient with the recipient’s pre
ferred point estimate given an expert’s distribution of 
beliefs (or building an algorithm that does so). The 
predictor needs to understand the recipient’s prefer
ences over different magnitudes of error to select the 
optimal point estimate. Otherwise, the predictor once 
again faces one Equation (1) with two unknowns: the 
penalty function (P) and the prediction (ŷ). For exam
ple, does a sports fan seeking a football prediction 
(e.g., the Bears will lose by seven) from an expert 
source want the mean of the expert’s beliefs, the mode, 
or something else? Without this knowledge, it is hard 
for the expert to provide the fan’s preferred prediction. 
In sum, accurately interpreting and optimally providing 
predictions requires understanding the relevant individual’s 
preferences over different magnitudes of error.

Minimizing Expected Penalties
Penalty functions describe how predictors trade off 
between different magnitudes of error (e), which I define 
as the absolute difference between a prediction ( ŷ) and a 
realized outcome (y). For example, a predictor’s penalty 
function (P) specifies the penalty the predictor faces for 
realizing an error of two (e.g., 22, 2, 21/2, log(2+1)…), 
four (e.g., 42, 4, 41/2, log(4+1)…), and all other potential 
outcomes. As a result, penalty functions define the opti
mal prediction(s) given a distribution of beliefs (B). The 
optimal prediction is the point estimate that results in 
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the lowest expected penalty (see Equation (2)), calcu
lated by summing the believed likelihood of realizing 
each possible error (p e( )) multiplied by the correspond
ing penalty for each error (P e( )):

min
ŷ

X

e
P(e) · p(e): (2) 

Importantly, given a specific distribution of beliefs, 
different penalty functions can lead to very different 
predictions. For example, consider the skewed distri
bution pictured in Figure 1, representing the whole 
number outputs of a random number generator (0, 1, 
2, 3, 4, or 5). A predictor tasked with generating 
a point estimate of the next outcome must choose 
among potential points, each offering a different trade- 
off between potential errors and aligning with differ
ent objectives. When it comes to standard penalty 
functions, the mean of the distribution (3.2) minimizes 
mean squared error (MSE), and the median (4) mini
mizes mean absolute error (MAE) (Lehmann and 
Casella 2006). However, there are countless potential 
objectives from which to choose. For instance, the 
mode (5) maximizes the chances of realizing zero 
error, the midpoint of the outcome space (2.5) mini
mizes the maximum possible error, and so on.

Note that, for symmetrical, unimodal distributions— 
in which the mean, median, and mode coincide— 
standard penalty functions (e.g., MSE, MAE) all select 
the midpoint of the distribution. Similarly, decision 
makers whose penalty functions satisfy the standard 
assumptions that penalties monotonically increase 
with the magnitude of error and that all errors of equal 
magnitude receive equal penalties would also predict 
the midpoint of any symmetrical, unimodal distribu
tion. However, after relaxing these standard assump
tions, every point in a distribution becomes the optimal 
estimate given some particular penalty function (see 
the general discussion for more on relaxing these 
assumptions). For instance, in Figure 1, predicting the 
minimum (0) minimizes the chances of realizing a posi
tive error.

The penalty functions that statistical models use are 
well-defined. However, it is not as clear what 

objectives laypeople adopt when making predictions 
or how they penalize different magnitudes of error.

Diminishing Sensitivity to Error
I propose that people become less sensitive to mar
ginal increases in error the larger the initial error is. 
That is, moving from an error of zero to an error of 
one results in a larger decrease in satisfaction with a 
prediction’s performance than moving from an error 
of one to two, moving from one to two likely results 
in a larger decrease in satisfaction than moving from 
two to three, and so on. This decreasing reaction to 
each marginal unit of error creates a penalty function 
with diminishing sensitivity to error (see the dashed 
line in Figure 2) with each subsequent unit of error 
carrying a smaller (or equal) marginal penalty com
pared with the previous one. Dietvorst and Bharti 
(2020) provide initial evidence for diminishing sensi
tivity to error and find that it reduces algorithm adop
tion in more uncertain prediction domains. However, 
they do not examine how diminishing sensitivity 
influences people’s predictions or their preferences 
across different predictive models within a domain: 
the subjects of the present work.

Reasons for Diminishing Sensitivity to Error
There are many reasons why people may exhibit 
diminishing sensitivity to error, some of which are 
perceptual in nature. Research on sensory perception 
in domains such as vision and touch finds that people 
often exhibit diminishing marginal reactions to the 
same incremental change in a stimulus as its initial 
magnitude increases (Weber 1834, Fechner 1860/1966, 
Stevens 1957). In other words, the larger the starting 
value of a stimulus, the greater the change required 
for a person to notice a difference. Further, some work 
suggests that this pattern also characterizes people’s 
numerical representations (see Siegler and Opfer 2003). 
Applied to prediction error, this suggests that people 
may easily distinguish between small errors (e.g., off 

Figure 1. Histogram of a Random Number Generator’s 
Whole Number Outputs 

Figure 2. Examples of Penalty Functions Exhibiting Dimin
ishing (Dashed Line), Constant (Solid Line), and Increasing 
(Dotted Line) Sensitivity to Error 
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by zero versus off by two), but the same difference may 
feel smaller—or even imperceptible—at larger error 
magnitudes (e.g., off by 20 versus off by 22). In short, 
diminishing sensitivity to error may stem from percep
tual differences in how people process errors of vary
ing magnitudes.

People’s memory for prediction performance may 
also drive their diminishing sensitivity to error. For 
instance, people may make intuitive judgments about 
an entity’s past prediction performance using gist 
memories of the performances they have witnessed 
(Brainerd and Gordon 1994, Reyna 2012). These gist 
representations may be encoded, stored, and recalled 
in such a way that better distinguishes between smal
ler errors. For example, if a decision maker encodes 
errors into categories such as right, almost right, and 
wrong, this could effectively create diminishing sensi
tivity to larger magnitudes of prediction error (also 
see work on efficient coding, e.g., Frydman and Jin 
2022). At the extreme, people could even binarize pre
diction performance, encoding performance simply as 
either right or wrong (Fisher and Keil 2018). This is all 
to say that, when people judge prediction perfor
mance from memory, their tendency to represent con
tinuous data coarsely could either cause or compound 
their diminishing sensitivity to error.

Beyond perception and memory, there are many 
reasons why people may feel that the differences 
among small magnitudes of error are more conse
quential than the differences between larger errors. 
Social comparison may play a key role (see Festinger 
1954) as individuals often prioritize outperforming 
others. Specifically, individuals may care about their 
rank relative to others in addition to the magnitude of 
their error (Chun and Larrick 2022). As a result, they 
may strongly differentiate between small errors, which 
are likely to determine who performs best, but down
play distinctions among large errors, which are all 
unlikely to achieve a high rank. Additionally, some indi
viduals may be motivated by demonstrating mastery in 
a domain (White 1959) and feel that only near perfect 
predictions achieve this goal. Both of these accounts 
could help explain why the differences between large 
errors may feel relatively inconsequential and lead to 
diminishing sensitivity to larger errors.

Beyond internal motivations, people may develop 
diminishing sensitivity to error by internalizing exter
nal performance standards (see Deci and Ryan 2000). 
For example, people may frequently encounter winner- 
takes-all incentives, by which only top performers are 
rewarded, or see performance standards that dispro
portionately reward near perfect answers (see Hogarth 
et al. 1991). Over time, people may internalize these 
standards and apply them to predictions, defining good 
prediction performance as achieving perfect predictions 
(see Einhorn 1986, Gao and Corter 2015), and treating 

different magnitudes of large errors as effectively the 
same. Conversational norms may reinforce this ten
dency (see Grice 1975); when asked to make a predic
tion, people may feel that they are expected to be right 
rather than avoid large errors.

Rather than being driven by a single cause, I pro
pose that people’s diminishing sensitivity to error is 
likely influenced by multiple forces, which may oper
ate independently or together in any given context. 
Importantly, regardless of the specific cause, this gen
eral pattern is provocative because it contrasts sharply 
with the assumptions typically embedded in predic
tive models and used to interpret people’s predictions. 
As described next, the empirical evidence in this paper 
tests various implications of diminishing sensitivity 
using different paradigms that examine distinct partic
ipant behaviors such as making predictions, choosing 
between predictive models, directly evaluating errors 
of different magnitudes, and rating potential predic
tions. Given the diversity of these paradigms, it is 
unlikely that a single mechanism explains all partici
pant behavior across all paradigms. Because the goal 
of this paper is to conceptualize diminishing sensitiv
ity to error broadly and test its generality across con
texts, I do not conduct deep examinations of the 
underlying mechanisms within any single paradigm. 
Instead, in the general discussion, I outline which 
studies align most closely with each proposed driver 
of diminishing sensitivity and suggest directions for 
future research.

Implications of Diminishing Sensitivity to Error
Diminishing sensitivity to increasing outcomes is a 
characteristic of many value functions, such as dimin
ishing marginal utility of wealth (Arrow 1971) and 
diminishing sensitivity to increasing changes in wealth 
(Kahneman and Tversky 1979), but it has unique 
implications in the domain of error because of this 
domain’s unique properties. Specifically, the domain 
of error has a strict upper bound on performance at 
zero error; the most accurate prediction possible is one 
that results in zero error with larger errors correspond
ing to poorer performance. Diminishing sensitivity 
from this strict upper bound of zero error leads predic
tors to be risk-seeking over error; they pursue the best 
outcomes (e.g., a prediction that is likely to be right) 
even at the cost of higher expected error (i.e., higher 
MAE). Put plainly, people with diminishing sensitivity to 
error prefer increasing their chances of being right over 
reducing how wrong they are in expectation.

It is worth highlighting one special case of diminish
ing sensitivity as it may represent a qualitatively dis
tinct prediction process. Under what I term 
“maximally diminishing sensitivity,” people only care 
about the frequency of perfect predictions. For exam
ple, using the penalty function P e( ) � eα,1 a decision 
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maker exhibits diminishing sensitivity to absolute error 
(e) for values of α between zero and one (0<α<1). As 
α approaches zero, the penalty function converges to a 
binary form: a perfect prediction incurs a penalty of 
zero, and any nonzero error incurs a penalty of one. 
This represents maximally diminishing sensitivity, the 
most extreme degree of diminishing sensitivity to error, 
as a decision maker with an α approaching zero effec
tively distinguishes only between exactly right and not 
exactly right. Consequently, the goal becomes maxi
mizing the frequency of perfect predictions without 
regard for the magnitude of any errors, allowing the 
decision maker to predict by simply selecting the single 
most likely outcome.

The notion that people make and evaluate predic
tions with diminishing sensitivity to error leads to four 
hypotheses that I describe below and test empirically.

Location of Point Estimates. People’s preferences 
over error determine which point they pick as a 
prediction from a distribution of beliefs. Using the 
skewed distribution in Figure 1 as an example, a deci
sion maker with constant sensitivity to error would 
select the median (4). Such a decision maker faces an 
equal penalty for each marginal unit of error (see the 
solid line in Figure 2), and the median minimizes the 
sum of absolute deviations from all outcomes (Leh
mann and Casella 2006). A decision maker with 
increasing sensitivity to error would select a point to 
the left of the median (4) toward the midpoint of the 
outcome space (2.5). Decision makers with increasing 
sensitivity to error face larger marginal penalties for 
larger errors (see the dotted line in Figure 2) and, 
thus, prioritize avoiding estimates that may lead to 
large errors. For example, a decision maker minimiz
ing squared error would select the mean (3.2) as the 
mean minimizes the sum of squared deviations from 
all outcomes (Lehmann and Casella 2006).

Unlike constant and increasing sensitivity, dimin
ishing sensitivity to error leads people to generate 
point estimates representing what they believe to be a 
likely outcome. Given the distribution of beliefs in 
Figure 1, a decision maker with diminishing sensitiv
ity to error would select a point equal to or greater 
than the median (4). Decision makers with diminish
ing sensitivity to error face relatively smaller marginal 
penalties for larger errors (see the dashed line in 
Figure 2) and, thus, seek estimates that are more likely 
to generate near perfect predictions even if those esti
mates also have the potential to generate large errors. 
For example, using the penalty function P e( ) � eα, a 
decision maker predicts the mode (5) if α is between 
~2/9 and zero.

In sum, decision makers with diminishing sensitiv
ity to error prioritize their chances of being right 
over how wrong they are in expectation, and their 

predictions represent outcomes they believe to be 
likely as a result. I test Hypothesis 1 in Studies 1a–1d 
and S1f–S1i.

Hypothesis 1. People tend to place point estimate predic
tions near the modes of distributions.

Predicting Possible Outcomes. An additional impli
cation of diminishing sensitivity is that it leads deci
sion makers to predict possible outcomes, such as 
producing whole number estimates when possible 
outcomes are exclusively whole numbers. In fact, 
when there is a discrete set of possible outcomes (e.g., 
scores in a football game) and a predictor has a strictly 
concave penalty function (i.e., diminishing sensitivity 
to error; see Figure 2), the estimate that minimizes the 
sum of their expected penalties has to be one of 
the possible outcomes (see Supplement 1, alongside 
the article in the supplemental materials tab on the 
INFORMS site and ResearchBox, for a proof).2 In lay 
terms, this is because only predictions of possible out
comes can realize exactly zero error, thus evading the 
initial increment of error that carries the steepest pen
alty. For example, returning to Figure 1, a decision 
maker with diminishing sensitivity to error would 
select either the median (4) or the mode (5), both 
whole numbers; no degree of diminishing sensitivity 
would lead a decision maker to predict a decimal. The 
implication is that decision makers with diminishing 
sensitivity to error restrict their predictions to possible 
outcomes. I test Hypothesis 2 in Study 1e and supple
mental analyses of Studies 1a, 1c, and 1d.

Hypothesis 2. People tend to predict possible outcomes.

This feature of diminishing sensitivity leads decision 
makers (and models) with diminishing sensitivity to 
behave markedly differently when selecting point esti
mates compared with those with increasing sensitivity. 
Returning to the example above, as increasing sensitiv
ity intensifies (i.e., α increases from one toward ∞), 
the optimal point estimate gradually shifts from the 
median (4) toward the midpoint of the outcome space 
(2.5). For instance, the optimal estimates for α� 1.5, 
α� 2, and α� 3 are 3.32, 3.20, and 3.01, respectively. 
In contrast, as diminishing sensitivity intensifies (α 
decreases from one toward zero), the optimal point 
estimate remains stable at 4 until α reaches approxi
mately 2/9, at which point it abruptly jumps to 5 and 
then remains stable. In summary, whereas intensifying 
increasing sensitivity causes a continuous drift in the 
location of a decision maker’s optimal estimate, inten
sifying diminishing sensitivity leaves the optimal esti
mate static until a threshold is reached, resulting in a 
sudden jump from one possible outcome to another.

This behavior has implications for how we should 
interpret decision makers’ point estimates. For 
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decision makers with increasing sensitivity (α> 1), 
extreme predictions—such as the midpoint of the out
come space (2.5)—indicate maximally increasing sensi
tivity (α approaching ∞). In contrast, for decision 
makers with diminishing sensitivity (1>α> 0), 
extreme predictions, such as the mode (5), do not nec
essarily indicate maximally diminishing sensitivity (α 
approaching zero). In other words, even individuals 
with only moderate diminishing sensitivity may fre
quently predict the mode.

Evaluations of Errors. People’s preferences over error 
should affect their reported satisfaction with prediction 
errors of different magnitudes. Specifically, people 
with diminishing sensitivity to error feel that each unit 
of error carries a marginal penalty smaller than (or 
equal to) the previous unit of error. For example, such 
preferences mean that moving from an error of zero to 
an error of one decreases satisfaction with one’s perfor
mance more than moving from an error of one to two 
and so on. I test Hypothesis 3 in Studies 2a and 2b.

Hypothesis 3. People report decreasing reactions to later 
marginal units of error.

Preferences Between Models. People’s preferences 
over error also affect how they prefer models to trade 
off between residuals when fitting coefficients. Specifi
cally, people with diminishing sensitivity to error pre
fer models to prioritize their chances of being right 
over minimizing how wrong they are in expectation; 
they are relatively insensitive to the magnitude of mod
els’ errors when errors occur. Conversely, models are 
more typically built with increasing sensitivity to error 
(e.g., MSE) and, as a result, prioritize avoiding large 
errors. This may represent a fundamental disconnect 
between the way that we typically build models to per
form (avoiding large errors) and how the users of those 
models want them to perform (seeking right answers). 
I test Hypothesis 4 in Studies 3a–3d and S3e.

Hypothesis 4. People prefer models built with diminish
ing sensitivity to error.

Methods
I organized the studies into three sets under the 
umbrellas of Study 1, Study 2, and Study 3. The stud
ies under the Study 1 umbrella (Studies 1a–1e and 
S1f–S1i) investigate the point estimates that people 
generate given a distribution of beliefs. The studies 
under the Study 2 umbrella (Studies 2a and 2b) inves
tigate people’s reported reactions to errors of different 
magnitudes. The studies under the Study 3 umbrella 
(Studies 3a–3d and S3e) are incentivized experiments 
investigating people’s choice of models built with dif
ferent penalty functions. This third set of studies is 

intended not only to test the implications of people’s 
diminishing sensitivity to error for their adoption of 
predictive models but also test, in an incentive- 
compatible and causal way, whether people have 
diminishing sensitivity to error.

Open Science
For each study, I preregistered the sample size before 
any data were obtained. I report all exclusions (if any), 
all manipulations, and all measures. I found no mean
ingful evidence of differential attrition across conditions 
in applicable studies (see Supplement 10 alongside the 
article in the supplemental materials tab on the 
INFORMS site and ResearchBox). I have posted prere
gistrations, materials, data, and code for all studies 
along with supplements alongside the article in the sup
plemental materials tab on the INFORMS site and on 
this project’s ResearchBox page: https://researchbox. 
org/3130.

Studies 1a–1d
In Studies 1a–1d, participants learned about a distribu
tion of outcomes before predicting the next observation. 
Whereas each study applied the same general design, 
they differed in scenarios and distributions. The aim 
was to identify where participants positioned a point 
estimate within the distribution, shedding light on their 
approach to balancing different magnitudes of error. To 
this end, I designed the distributions such that people 
with diminishing, increasing, and constant sensitivity to 
error would make different estimates. However, it is 
important to note that in certain cases—such as symmet
rical, unimodal distributions—diminishing, increasing, 
and constant sensitivity to absolute error lead to the 
same prediction as the mean, median, mode, and mid
point of the outcome space all coincide.

Participants. I preregistered that I would recruit 
250 participants from MTurk using CloudResearch 
approved participants for each of Studies 1a through 
1d. In Studies 1a through 1d, respectively, 260, 265, 
259, and 260 MTurk workers responded to the sur
veys, 250, 250, 251, and 250 of whom passed the atten
tion check and completed the last forced response 
questions in the study (the comprehension checks). 
The average ages in the final samples were 38, 40, 45, 
and 40, and 39%, 39%, 43%, and 41% were females, 
respectively.

Design. After giving consent and passing an attention 
check, participants were asked to pay close attention 
and read: “You can earn a $0.25 bonus for correctly 
answering two questions (clearly labeled at the end of 
the survey) about the information that you learn.” This 
incentive was designed to encourage attentiveness with
out influencing participants’ predictions. For example, 
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scoring participants’ estimates with a linear incentive 
might bias them toward the median, rewarding only per
fect estimates might bias them toward the mode, etc. 
Thus, I intentionally did not incentivize participants’ pre
dictions as the goal of these studies was to learn where 
people place their estimates based on their own prefer
ences without influence of external incentives.

Subsequently, participants were introduced to the 
scenario, which differed between the studies (see 
descriptions in the next section), followed by a textual 
and graphical summary of the distribution. They were 
then asked to predict the next outcome’s value by gen
erating a point estimate, having access to all previ
ously presented information. In designing the studies, 
I opted for participants to predict the single next out
come rather than predicting multiple outcomes or set
ting a policy. This decision was informed by the 
observation that laypeople typically engage in predic
tions with a focus on immediate, singular events, such 
as predicting how long a specific drive will take, the 
winner of an upcoming sports match, or how much 
they will like a particular product. I believe that it is 
less common for laypeople to formulate policies for 
future decisions (e.g., establishing a general approach 
for all future driving time estimations) or to make a 
series of estimates simultaneously (e.g., estimating the 
duration of each of their next 10 commutes). Thus, 
this single-estimate approach is designed to closely 
mirror how laypeople typically make predictions with 
the goal of enhancing external validity.

After making their estimate, participants estimated 
the distribution’s mean, again with full information 
access. The study concluded with a two-question com
prehension check related to the scenario (with a $0.25 
bonus for two correct responses) and demographic 
data collection (age, sex, and education).

Scenarios. In Study 1a, participants read a scenario 
involving blooming flowers described as follows: “A 
small garden just started growing a unique type of 
flower. This type of flower has 5 petals, and can have 
spots on all, none, or some of its petals. So far, 35 of 
these flowers have bloomed in the garden.” This sce
nario was selected because of its constrained set of 
discrete outcomes (0–5) and the assumption that parti
cipants would not bring much outside knowledge to 
the prediction task. Participants were presented with 
a skewed distribution (see Figure 3), in which the 
mean (3.2) median (4), and mode (5) were spread out, 
and thus, participants’ treatment of error (increasing, 
constant, or diminishing) was identifiable. For the esti
mate, participants read: “The next flower is about to 
bloom, and you are tasked with predicting the num
ber of spotted petals that it will have. How many spot
ted petals do you predict the next flower will have? 
(please enter a number between 0.00 and 5.00).”

In Study 1b, participants read a scenario involving a 
flight’s departure time: “You will see the departure 
times for the last 63 instances of a specific flight (#792) 
from O’Hare International Airport to LaGuardia Air
port. This flight occurs once per day. It is always sched
uled for the same time, but it can depart early or late 
given each day’s particular circumstances. After learn
ing the departure times for the previous 63 days, you 
will predict the departure time of the next instance of 
this flight (on day number 64).” This scenario was 
selected to test whether the results of Study 1a repli
cated in a domain with a wide range of outcomes, a few 
dramatic outliers, and a mode to the left of the distribu
tion. Participants were presented with a skewed distri
bution of departure times (see Figure 3) with a mean 
equal to 6:18.3, a median equal to 6:13, and a mode 
equal to 6:10. The data were based on real data for flight 
UA792 that was altered slightly to produce a round 
mode and remove a few extreme outcomes. For the esti
mate, participants read: “You are tasked with predict
ing the departure time of the next instance of this flight 
(on day number 64). When do you predict the flight 
will depart on day number 64? (please enter a number 
6–7 in the ‘hours’ box and 0–59 in the ‘minutes’ box).”

In Study 1c, participants read a scenario involving 
lunch purchases: “An employee at a small office build
ing is interested in how often their colleagues purchase 
lunch (instead of bringing it from home) during the 
work week. The employee surveys their colleagues ask
ing how many times they purchase lunch in a typical 
5-day work week. So far, 37 of their colleagues have 
responded.” The purpose of this study was to test 
whether the results of previous studies replicate with a 
bimodal distribution. Participants were presented with a 
bimodal distribution of lunch purchases (see Figure 3) 
with a mean equal to 2.43, a median equal to 2, and 
modes equal to 0 and 5. For the prediction, participants 
read: “Another employee (#38) is about to submit their 
response to the survey, and you are tasked with predict
ing the number of times they report purchasing lunch in 
a typical week. How many times do you think the 
employee (#38) will report purchasing lunch in a typical 
week? (please enter a number between 0.00 and 5.00).” 
After completing their estimates, participants completed 
a three-item numeracy scale from Lipkus et al. (2001) that 
was not included in Studies 1a and 1b. This scale was 
included to measure participants’ capability regarding 
working with numbers and test whether participants 
who showed more capability to work with numbers 
were more or less likely to predict near the mode.

In Study 1d, participants read a scenario involving 
product reviews: “Imagine that you are looking at 
product ratings on an online shopping platform. Spe
cifically, ratings for the USB charger pictured below. 
You scroll down to the ratings for the charger and see 
that 437 people have submitted a rating.” Participants 
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were presented with a skewed distribution of ratings 
based on review distributions of products on Amazon 
(see Figure 3) with a mean equal to ~3.91, a median 
equal to 4, and a mode equal to 5. For the prediction, 
participants read: “Your task is to predict the next rat
ing that this charger will get. That is, what will rating 
#438 be? How many stars do you think the next person 
(#438) to review this product will give it? (please enter 
a number between 1.00 and 5.00).” This study also 
included the three-item numeracy scale from Study 1c. 
The purpose of this study was to provide another rep
lication and test whether the results regarding the 
numeracy scale replicate with a skewed distribution.

Results 
Location of Participants’ Estimates. Across Studies 
1a–1d, participants consistently placed their point 
estimates near the mode(s) of the distribution (see 
Figure 4), supporting the hypothesis that people gener
ate predictions with diminishing sensitivity to error 

(Hypothesis 1). In each study, a plurality—and, in most 
cases, a majority—of participants made predictions 
consistent with the mode:3 68.11% predicted within 0.5 
of the mode (5) in Study 1a, 41.11% predicted within 
0.5 of the mode (6:10) in Study 1b, 28.06% predicted 
within 0.5 of the first mode (0) and 33.20% predicted 
within 0.5 of the second mode (5) in Study 1c, and 
62.80% predicted within 0.5 of the mode (5) in Study 
1d. The vast majority of these participants predicted 
exactly the mode (see Supplement 2, alongside the arti
cle in the supplemental material tab on the INFORMS 
site and ResearchBox, for detailed results of each 
study). In contrast, far fewer participants made predic
tions consistent with other points in the distribution 
including the mean and median, and Wilcoxon signed- 
rank tests confirmed that significantly more partici
pants predicted values consistent with the mode than 
either the mean or median: z(N≥ 250)≥ 4.35, p< 0.001.

These findings were robust across different distribu
tion structures, including those with a wider range of 

Figure 3. (Color online) Stimuli Used in Studies 1a Through 1d 
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possible outcomes (Study 1b) and bimodal distributions 
(Study 1c). Importantly, restricting analyses to partici
pants who passed comprehension checks or provided 
accurate estimates of the mean did not meaningfully 
alter results (see Supplement 2 alongside the article in 
the supplemental materials tab on the INFORMS site 
and ResearchBox), suggesting that participants’ prefer
ence for the mode was not driven by confusion or inat
tention. These findings suggest that people make point 
estimates with diminishing sensitivity to error, prioritiz
ing their odds of being right over minimizing their 
expected deviation from the right answer.

Numeracy Scores from Studies 1c and 1d. Analyses 
of participants’ numeracy scores in Studies 1c and 1d 
find that those participants who showed greater abil
ity to work with numbers were more likely to predict 
the mode. Specifically, in Study 1c, 33.33% (5/15) of 
participants who answered no numeracy questions 
correctly predicted within 0.5 of a mode, 55.88% (19/ 
34) of participants who answered one numeracy ques
tion correctly predicted within 0.5 of a mode, 56.25% 
(45/80) of participants who answered two numeracy 
questions correctly predicted within 0.5 of a mode, 

and 69.67% (85/122) of participants who answered all 
three numeracy questions correctly predicted within 
0.5 of a mode: odds ratio (OR)� 1.53 (95% confidence 
interval (CI): 1.15, 2.03), z� 2.89, p� 0.004.4 Similarly, in 
Study 1d, 28.57% (2/7) of participants who answered 
no numeracy questions correctly predicted within 
0.5 of the mode, 54.05% (20/37) of participants who 
answered one numeracy question correctly predicted 
within 0.5 of the mode, 62.77% (59/94) of participants 
who answered two numeracy questions correctly pre
dicted within 0.5 of the mode, and 67.86% (76/112) 
of participants who answered all three numeracy 
questions correctly predicted within 0.5 of the mode: 
OR� 1.43 (95% CI: 1.04, 1.97), z� 2.20, p� 0.028. I inter
pret these results as evidence that participants did not 
predict the mode because of a lack of understanding.

Supplemental Studies. I find that these results regard
ing people’s predictions are robust to different para
digms in supplemental Studies S1f through S1i. In 
Studies S1f and S1g, participants once again made a 
prediction; however, they provided a distribution of 
beliefs themselves instead of learning about the distri
bution in the study. In counterbalanced order, 

Figure 4. Histograms of Participants’ Predictions in Studies 1a–1d 
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participants both predicted a future outcome on a 
seven-point scale and used a distribution builder tool 
(Andre 2016, Hu and Simmons 2025) to indicate their 
distribution of beliefs regarding that outcome on the 
same seven-point scale. In both studies, I found that 
participants were most likely to predict the mode of 
their distribution of beliefs, consistent with the results 
of Studies 1a–1d. See Supplements 3 and 4, alongside 
the article in the supplemental materials tab on the 
INFORMS site and ResearchBox, for full write-ups.

In Study S1h, participants chose among models’ 
predictions instead of making predictions themselves. 
The introduction of the survey was the same as Study 
1a using the same flower prediction task. However, 
when it came time to make the prediction, partici
pants chose among three models (model X, model Y, 
and model Z) with each model randomly assigned to 
predict one of the mean (3.2), median (4), and mode (5). 
Participants learned each model’s prediction before 
making their choice. In line with the results of Studies 
1a–S1g, 60.80% (152/250) of participants chose the 
model that predicted the mode, 26.00% (65/250) of par
ticipants chose the model that predicted the median, 
and 13.20% (33/250) of participants chose the model 
that predicted the mean. These results suggest that par
ticipants in Studies 1a through S1g did not simply pre
dict the mode because the mean and median were not 
salient to them or because calculating the mean or find
ing the median was effortful. Further, because predic
tions were randomly assigned to models, this study 
addresses the descriptive nature of Studies 1a through 
S1g and finds causal evidence that people prefer to 
predict the mode. A logistic regression found that 
participants were significantly more likely to choose 
model X when model X was randomly assigned to pre
dict the mode: OR� 7.69 (95% CI: 4.21, 14.03), z� 6.64, 
p < 0.001. See Supplement 5, alongside the article in the 
supplemental materials on the INFORMS site and 
ResearchBox, for a full write-up.

Study S1i examined preferences over prediction error 
by having participants rate three potential predictions 
on seven-point scales after viewing a distribution rather 
than simply selecting their most preferred prediction. 
The distribution was structured so that only specific rat
ing patterns aligned with increasing or diminishing sen
sitivity to error. Notably, giving the mode the highest 
rating was consistent with both increasing and dimin
ishing sensitivity, meaning that, unlike previous studies, 
the distinction between these sensitivities depended on 
preferences beyond simply favoring the mode. The 
results found that 50.40% (127/252) of participants pro
vided rating patterns consistent only with diminishing 
sensitivity, 30.56% (77/252) provided patterns consistent 
with both increasing and diminishing sensitivity, 10.32% 
(26/252) provided patterns consistent only with increas
ing sensitivity, and 8.73% (22/252) provided patterns 

consistent with neither. Overall, significantly more parti
cipants exhibited patterns consistent with diminishing 
(80.95%) than increasing (40.87%) sensitivity to error 
(z��8.17, p< 0.001). These findings suggest that evi
dence for diminishing sensitivity to error extends 
beyond a simple preference for the mode. See Supple
ment 6, alongside in the supplemental materials on the 
INFORMS site and ResearchBox, for a full write-up.

Discussion. Studies 1a–1d used a diverse set of stimuli 
and measures and found evidence suggesting that people 
make and evaluate predictions with diminishing sensitiv
ity to error with participants placing predictions around 
the modes of distributions (Hypothesis 1). These results 
generalized across cover stories and distributions with 
varying characteristics (skewed versus bimodal, having 
outliers versus not, wide versus narrow range of out
comes, etc.). The supplements report studies (Studies 
S1f–S1i) finding that these results generalize across differ
ent experimental designs. The results of these eight stud
ies suggest that people’s predictions often represent 
outcomes they consider to be likely rather than, for 
instance, the mean of their distribution of beliefs.

The very high percentage of participants predicting the 
mode in these studies might give the impression that they 
are exclusively focused on maximizing the frequency of 
perfect predictions, that is, exhibiting maximally dimin
ishing sensitivity. However, this interpretation is mislead
ing as predicting the mode is also consistent with less 
extreme diminishing sensitivity in all of these studies. For 
example, a decision maker with the penalty function 
P e( ) � eα would predict the mode if α is below 0.224, 
0.800, 0.585, and ~0.943 in Studies 1a–1d, respectively. 
Thus, a participant predicting the mode in these studies 
could have either maximally or moderately diminishing 
sensitivity. Studies 2a, 2b, and 3c are better designed to 
evaluate whether people often exhibit maximally dimin
ishing sensitivity.

Study 1e
Study 1e tests whether participants restrict their predic
tions to possible outcomes (Hypothesis 2), an additional 
implication of diminishing sensitivity to error. Prelimi
nary support for this hypothesis can already be seen in 
Studies 1a, 1c, and 1d because participants were signifi
cantly more likely to enter whole numbers when mak
ing predictions (for which realized outcomes were 
always whole numbers) than when estimating distribu
tion means (which could result in decimals; see analyses 
in Supplement 7 alongside in the supplemental materi
als on the INFORMS site and ResearchBox). However, 
alternative explanations exist; participants may have 
favored whole numbers specifically rather than simply 
restricting their predictions to possible outcomes, or 
they may have chosen whole numbers because they 
believed it was expected of them. Study 1e was 
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designed to test Hypothesis 2 in a way that is robust to 
these alternative explanations.

Participants. I preregistered that I would recruit 500 
participants from MTurk using CloudResearch approved 
participants. Five hundred twenty-nine MTurk workers 
responded to the survey, 497 of whom passed the atten
tion check and completed the last forced response ques
tions in the study (the comprehension checks). The 
sample averaged 45 years of age and was 45% female.

Scenario and Design. Participants read a restaurant 
review scenario: “A restaurant reviewer recently started 
a blog in which they review restaurants selected by 
readers and rate those restaurants using a 5-star system. 
So far, the reviewer has completed 27 reviews.” The 
design of Study 1e was similar to Study 1a but with 
three key differences. First, instead of entering their 
prediction in a text box, participants selected from 11 
possible predictions, ranging from zero to five stars in 
0.5-star increments (e.g., 5 stars, 4.5 stars, 4 stars, 3.5 
stars … ). This response format was intended to make all 
possible predictions equally salient and to clearly indi
cate that both whole-number and decimal predictions 
were valid responses. Second, unlike in Study 1a, parti
cipants did not estimate the average of the distribution.

Third, participants were randomly assigned to one 
of two between-subjects conditions, in which all of the 
reviewer’s past ratings were either whole numbers 
or decimals (see Figure 5). The distributions were 
identical except for a 0.5 shift. This manipulation 
was designed to test whether participants specifically 
favored predictions of possible outcomes (as predicted 
by Hypothesis 2) rather than simply preferring whole 
numbers. I hypothesized that participants would be 
significantly more likely to predict a whole number 
when the reviewer had exclusively used whole num
bers and significantly more likely to predict a decimal 
when the reviewer had exclusively used decimals. 
Notably, both distributions were structured such that 
minimizing squared error and predicting the average 
would result in a contrary outcome: 3.5 in the whole 
number condition and 3 in the decimal condition.

Results. In line with Hypothesis 2, the majority of par
ticipants predicted a possible outcome. Specifically, 
94.88% (241/254) of participants in the whole number 
condition predicted a whole number, whereas 86.06% 
(216/251) in the decimal condition predicted a decimal. 
These results remained stable when restricting the anal
ysis to participants who answered both comprehension 
check questions correctly (95.00% (209/220) in the 
whole number condition, 88.29% (196/222) in the deci
mal condition). A two-sample Wilcoxon rank-sum test 
confirmed that participants were significantly more 
likely to predict a decimal when all of the reviewer’s 
past ratings were decimals: z��18.25, p< 0.001. 
Finally, consistent with Studies 1a–S1i, the majority of 
participants predicted the mode: 79.53% (202/254) 
selected 4 in the whole number condition, whereas 
74.10% (186/251) selected 3.5 in the decimal condition.

Discussion. The results of Study 1e, along with the 
supplemental analyses of Studies 1a, 1c, and 1d (see 
Supplement 7 alongside the article in the supplemen
tal materials tab on the INFORMS site and Research
Box), find strong support for the notion that people 
tend to restrict their predictions to possible outcomes 
(Hypothesis 2). This pattern held across different dis
tributions and a design specifically intended to rule 
out alternative explanations, namely, that participants 
in Studies 1a, 1c, and 1d simply favored whole num
bers (rather than possible outcomes) or believed that 
whole number predictions were expected of them. 
These findings highlight a key implication of diminish
ing sensitivity to error: when predicting discrete out
comes, people may prefer estimates that align with a 
possible outcome, often the mode.

I propose that this tendency may frequently apply 
to laypeople as they often encounter effectively 
discrete outcomes. Many services routinely round 
continuous data to whole numbers when reporting 
information, such as temperatures (e.g., 70◦) or travel 
durations (e.g., 25 minutes), a practice especially prev
alent in consumer-facing contexts. Similarly, people 
often categorize continuous variables into a finite set 

Figure 5. (Color online) Distributions Used in the Whole Number (Left) and Decimal (Right) Conditions of Study 1e 
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of outcomes; for instance, a baby’s weight is typically 
recorded to the nearest pound and ounce (e.g., 7 lbs., 
8 oz.). As a result, even when true outcomes are tech
nically continuous, people may report and evaluate 
predictions within a discrete framework, particularly 
in settings involving laypeople.

Studies 2a and 2b
The plurality of participants in Studies 1a through S1i 
made predictions near the mode of a distribution, and 
participants were relatively likely to predict possible 
outcomes, consistent with diminishing sensitivity to 
error. In Studies 2a and 2b, I test whether participants 
report similar diminishing sensitivity to prediction 
error with a completely different elicitation method. 
In these studies, participants reported happiness with 
different prediction outcomes (corresponding to dif
ferent magnitudes of error) in a prediction task. I 
hypothesized that participants would report the larg
est difference between a perfect prediction and an 
error of one and smaller differences between consecu
tive errors of larger magnitudes.

Participants. I preregistered that I would recruit 
250 participants from MTurk using CloudResearch 
approved participants for each of Studies 2a and 2b. 
In Studies 2a and 2b, respectively, 267 and 280 MTurk 
workers responded to the surveys, 245 and 252 of 
whom passed the attention check and completed the 
last forced response questions in the study (the com
prehension checks). The average ages in the final 
samples were 38 and 43, and 34% and 43% were 
females, respectively.

Design. After giving consent and passing an attention 
check, participants were asked to pay close attention 
and read: “You can earn a $0.25 bonus for correctly 
answering two questions (clearly labeled at the end of 
the survey) about the information that you read.” Sub
sequently, participants were introduced to the predic
tion scenario, which differed between the studies (see 
the next section). Participants read that they would see 
six different scenarios with different prediction perfor
mances and rate each one. Next, participants saw and 
rated each of the six scenarios with each representing 
one possible level of performance (off by zero to off by 
five) in random order. After making their ratings, the 
study concluded with a two-question comprehension 
check related to the prediction scenario (with a $0.25 
bonus for two correct responses) and demographic 
data collection (age, sex, and education).

Scenarios. In Study 2a, participants read a scenario 
based on the flower prediction task in Study 1a: “The 
garden just started growing a unique type of flower. 
This type of flower has 5 petals, and can have spots on 

all, none, or some of its petals. So far over 100 flowers 
have bloomed, and an equal number have had 0, 1, 2, 
3, 4, and 5 spotted petals. In other words, all of the 
outcomes (0, 1, 2, 3, 4, & 5 spotted petals) are equally 
likely.” Study 2a used a uniform distribution because 
it was easier to explain to participants, and a skewed 
distribution (as in Study 1a) was not needed to iden
tify participants’ reactions to different magnitudes of 
error. Next, participants read: “Imagine that the next 
flower is about to bloom, and you are tasked with pre
dicting the number of spotted petals that it will have. 
In each of the 6 scenarios below, you will rate how you 
would feel given different prediction performances.” 
During these scenarios, participants read “Imagine that 
you predicted the flower will have 5 spotted petals. 
Imagine that the flower actually has [0, 1, 2, 3, 4, or 5] 
spotted petal[s].” The scenarios were presented in ran
dom order. Participants responded to the question 
“How happy would you be with your performance?” 
on a nine-point bipolar scale from “Very Unhappy” to 
“Very Happy” with a midpoint of “Neutral.”

In Study 2b, participants read a scenario about pre
dicting a die roll: “You will read about Jim’s predic
tions of the outcome of a die roll. The die has 6 sides 
numbered 1, 2, 3, 4, 5, 6. In each of the 6 scenarios, 
you will rate how you think Jim would feel given dif
ferent outcomes.” During the six scenarios, partici
pants read “Jim bets that the die will land on 1. 
Imagine that the die lands on [1, 2, 3, 4, 5, or 6].” The 
scenarios were presented in random order. Partici
pants responded to the question “How happy do you 
think Jim will be with his performance?” on a nine- 
point bipolar scale from “Very Unhappy” to “Very 
Happy” with a midpoint of “Neutral.”

Results 
Study 2a. In Study 2a, participants’ aggregate ratings 
were consistent with diminishing sensitivity to error 
(see Figure 6). The rated difference between a perfect 
estimate and an error of one was significantly larger 
(2.30) than the difference between any other neighbor
ing levels of error (≤0.95): t(253)≥ 9.00, p< 0.001. I con
ducted an ordinary least squares (OLS) regression to 
analyze the difference in ratings between adjacent errors 
(using a variable coded 1, 2, 3, 4, and 5 to represent the 
rated differences between errors off by zero versus off 
by one, off by one versus off by two, and so on) with 
standard errors clustered by a participant ID. This analy
sis revealed that, on average, the rating gap between 
neighboring errors decreased by 0.39 for each one-unit 
increase in error magnitude: t(254)��12.49, p< 0.001.

Next, I analyze participants’ individual response 
patterns by examining whether they reported a step 
down in happiness for each incremental increase in 
error. On average, participants reported 2.61 steps 
down (out of a maximum of five) with only 27.56% 
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(70/254) indicating a single step down. The majority 
(68.5%, 174/254) exhibited multiple steps down,5 sug
gesting more continuous diminishing sensitivity rather 
than a simple step function. However, among those 
who indicated only one step down, the vast majority 
(91.43%, 64/70) placed it at the first unit of prediction 
error: precisely where maximally diminishing sensitiv
ity predicts the step should occur. Overall, these results 
suggest that most participants demonstrated continuous 
diminishing sensitivity to error, and a notable minority 
exhibited what appeared to be binary thinking about 
error consistent with maximally diminishing sensitivity.

Study 2b. In Study 2b, participants’ aggregate ratings 
were again consistent with diminishing sensitivity to 
prediction error (see Figure 7). The rated difference 
between a perfect prediction and an error of one was 
significantly larger (5.25) than the difference between 
any other neighboring levels of error (≤0.20): t(252) ≥
28.11, p< 0.001. I conducted an OLS regression to ana
lyze the difference in ratings between adjacent errors 
(using a variable coded 1, 2, 3, 4, and 5 to represent the 
rated differences between errors off by zero versus off 
by one, off by one versus off by two, and so on) with 
standard errors clustered by a participant ID. This analy
sis revealed that, on average, the rating gap between 
neighboring errors decreased by 1.03 for each one-unit 
increase in error magnitude: t(252)��33.12, p< 0.001.

As opposed to the results of Study 2a (the flower 
scenario), the diminishing sensitivity in Study 2b (the 
die roll scenario) appears to be largely driven by the 

rated difference between errors of zero and one, consis
tent with preferences approaching maximally dimin
ishing sensitivity to error.6 However, a regression of 
participants’ raw ratings on an error magnitude variable 
excluding zero (coded as one unit of error, two 
units, … five units) finds that participants’ ratings did 
significantly decrease as the magnitude of positive 
errors increased, b��0.16, t(252)��5.59, p< 0.001, 
consistent with the notion that they did discriminate 
between different magnitudes of nonzero errors.7

Next, I analyze participants’ individual response pat
terns by examining whether they reported a step down 
in happiness for each incremental increase in error. On 
average, participants reported 1.82 steps down (out of a 
maximum of five). Roughly half indicated only one 
step down (50.59%, 128/253), whereas the other half 
reported multiple steps down (47.43%, 120/253).8
Among those who indicated only one step down, the 
vast majority (96.88%, 124/128) placed it at the first unit 
of prediction error: precisely where maximally diminish
ing sensitivity predicts the step should occur. These find
ings suggest notable heterogeneity in participants’ 
responses: some exhibited what appeared to be binary 
thinking about error, whereas others demonstrated more 
continuous diminishing sensitivity. However, both 
groups expressed preferences that aligned with dimin
ishing sensitivity, differing in the degree.

Discussion. Studies 2a and 2b found that participants 
report decreasing reactions to marginal units of 
error on average (Hypothesis 3) with the first unit of 

Figure 6. Participants’ Ratings in Study 2a 

Notes. Error bars represent 95% CIs; labels represent means. The pattern is similar when excluding participants who failed the comprehension 
check (n� 193): 3.21, 0.69, �0.36, �1.03, �1.60, �2.11.
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error eliciting the largest reaction and subsequent 
units of error eliciting smaller reactions. This evidence 
of diminishing sensitivity replicated across two stud
ies with different stimuli. However, the degree of 
diminishing sensitivity differed between scenarios: 
participants exhibited stronger diminishing sensitivity 
when predicting the outcome of a die roll. One poten
tial explanation is that the die roll scenario evoked 
binary performance standards (e.g., a prediction is 
either exactly right or wrong), which are common in 
dice games and gambling. In contrast, the flower sce
nario may not have evoked such binary standards. 
Overall, these results suggest substantial heterogene
ity in people’s preferences over error across different 
prediction contexts and individuals.

Studies 3a–3d
Studies 1a–2b found convergent evidence that people 
exhibit diminishing sensitivity to prediction error 
across different methods. Studies 3a–3d and S3e test 
whether people are more likely to adopt models built 
with diminishing sensitivity to error using incentivized 
experiments. In these studies, participants first experi
enced the performance of two prediction options 
through a set of practice predictions. Then, they selected 
on which to rely for an incentivized prediction that 
determined their bonus. I manipulated the penalty 
functions of the models across two between-subjects 
conditions and hypothesized that participants would 
be more likely to choose models designed with dimin
ishing sensitivity to prediction error. As in Studies 

1a–1d, I designed the stimuli in these studies to differ
entiate between varying degrees of sensitivity to error. 
However, it is important to note that, in many cases, 
models with different penalty functions do not produce 
such divergent predictions.

Studies 3a–3c had participants view two models’ 
predictions alongside realized outcomes across a series 
of training trials before making an incentivized choice 
between the models. These studies aimed to present 
model performance as clearly and simply as possible. 
In contrast, Studies 3d and S3e provided participants 
with the full prediction process; participants first 
observed the three available inputs for a prediction 
before seeing the models’ predictions or the realized 
outcomes. This approach allowed participants to gen
erate their own predictions rather than solely evaluat
ing model-generated predictions and tested whether 
the findings from Studies 3a–3c generalized to situa
tions in which participants had richer information 
about the prediction process.

Participants. I preregistered that I would recruit 
500 participants from MTurk using CloudResearch 
approved participants for each of Studies 3a through 
3d. In Studies 3a, 3b, 3c, and 3d, respectively, 520, 542, 
564, and 543 MTurk workers responded to the surveys, 
505, 502, 504, and 501 of whom passed the attention 
check and completed the last forced response question 
in the study (the incentivized choice). The average 
ages in the final samples were 42, 43, 43, and 42, and 
41%, 45%, 49, and 48% were females, respectively.

Figure 7. Participants’ Ratings in Study 2b 

Notes. Error bars represent 95% CIs; labels represent means. The pattern is similar when excluding participants who failed the comprehension 
check (n� 248): 3.41, �1.96, �2.15, �2.29, �2.46, �2.60.
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Studies 3a–3c Design. After giving consent and pass
ing an attention check, participants read that they 
would learn about two models, model A and model 
B, that each make estimates for a prediction task. They 
learned that the study would have a trial stage and a 
bonus stage. During the trial stage, they would see 9 
(Studies 3a and 3b) or 10 (Study 3c) prediction trials. 
For each trial, they would see three pieces of informa
tion: the estimates that model A and model B made 
along with the actual answer. During the bonus stage, 
they would choose between relying on either model 
A’s estimate or model B’s estimate for one more 
trial that determined their bonus payment. After the 
introduction, the survey software randomized which 
model was labeled model A and model B.

Next, participants completed the trials in random 
order (see Figure 8 for an example of a trial). After 
completing the trials, participants proceeded to the 
bonus stage. Participants were first presented with the 
study’s bonus scheme. On the next page, participants 
made a binary choice between using model A’s 
estimate and model B’s estimate to determine their 
bonus. After making their choice, one of the trials was 
randomly reselected, and participants learned their 
chosen model’s performance and their earnings. Parti
cipants reported their age, sex, and highest level of 
education to complete the study.

Study 3a Task. The prediction task in Study 3a is repre
sented in Figure 9. The outcomes follow the linear equa
tion y� x for eight values of x (1, 2, 3, 4, 6, 7, 8, 9), and 
for the ninth value of x (5), y equals 14. The increasing 
model, built to minimize squared error, follows the 
equation y� 1+ x. For this model, the reduction in pen
alties from making an error of eight (82� 64 penalty) 
versus nine (92� 81 penalty) outweighs the cost of intro
ducing an error of one for the remaining eight estimates 
(8 × 12� 8 penalty). In contrast, the diminishing model 
follows the equation y� x. Any model built with dimin
ishing (or constant) sensitivity to error would avoid 
introducing errors into the eight perfect estimates to pro
portionally reduce the error of the ninth. I hypothesized 
that participants would be significantly more likely to 
choose the diminishing model.

The bonus scheme in Study 3a equated the expected 
value of choosing the increasing and diminishing 
models so that participants were not biased toward 
either option. Participants earned $0.50 for a perfect 
prediction, $0.49 for an error of one, $0.48 for an error 
of two, $0.46 for an error of three, $0.43 for an error of 
four, $0.39 for an error of five, $0.34 for an error of six, 
$0.28 for an error of seven, $0.21 for an error of eight, 
$0.13 for an error of nine, $0.03 for an error of 10, and 
$0 for an error of 11 or larger. Given this incentive, the 
expected value of choosing both the increasing and 
diminishing model was $0.458̄. Notably, this bonus 
scheme exhibited increasing penalties for larger mag
nitudes of error.

Study 3a Results. As hypothesized, participants were 
unlikely to choose the model built with increasing sen
sitivity to error. Overall, 86.53% (437/505) of partici
pants chose the model built with diminishing sensitivity 
to error: z(n� 505)� 16.42, p< 0.001, using a Wilcoxon 
signed-rank test versus 50%. A logistic regression of 
whether participants chose model A (coded one if yes, 
zero if not) on an indicator of whether model A was 
the diminishing model (coded one if yes, zero if not) 
found that participants were substantially more likely 
to choose model A when it was built with diminishing 
sensitivity to error: OR� 41.44 (95% CI: 24.84, 69.13), 
z� 14.26, p< 0.001.

Study 3b Task. The prediction task in Study 3b is 
illustrated in Figure 10. This task was designed to test 
whether the results of Study 3a are robust to the 
diminishing model making more than one error, the 
models exhibiting different slopes, and an incentive 

Figure 8. Example of Prediction Task Trial 

Figure 9. Observations (Black Dots) and Models with Increas
ing (MSE: Solid Gray Line) and Diminishing (Dotted Black 
Line) Penalty Functions for the Prediction Task in Study 3a 

Note. Participants saw this information trial by trial as shown in 
Figure 8.
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scheme that favors the increasing model. The data fol
lows the linear equation y� x for six values of x (2, 3, 4, 
6, 7, 8), and for the remaining three values of x (1, 5, 9), y 
equals 12. The model built with increasing sensitivity to 
error, which minimizes squared error, followed the 
equation y� 5+ 0.46̄x. This model’s predictions were 
the output of this equation rounded to the nearest 
whole number. In contrast, the model built with dimin
ishing sensitivity to error resulted in the equation y�x. 
I hypothesized that participants would be more likely 
to choose the diminishing model.

Participants were incentivized to minimize squared 
error. Specifically, they earned $1.21 for a perfect pre
diction and lost one cent for each unit of squared error 
that their chosen model realized. For example, this 
resulted in a $1.20 bonus for a prediction off by one 
($1.21� 1¢ × 12), a $1.17 bonus for a prediction off by 
two ($1.21� 1¢ × 22), down to a $0 bonus for a predic
tion off by 11 ($1.21 – 1¢ × 112), which was the largest 
error that either model made. This incentive structure 
was optimized for the increasing model, meaning it 
yielded higher expected earnings than the diminish
ing model, and thus, choosing the diminishing model 
was costly.

Study 3b Results. As hypothesized, participants were 
again unlikely to choose the model built with increas
ing sensitivity to error even though it generated larger 
bonuses in expectation. Overall, 87.25% (438/502) of 
participants chose the model built with diminishing 
sensitivity to error: z(n� 502)� 16.69, p< 0.001 using 
a Wilcoxon signed-rank test versus 50%. A logistic 
regression of whether participants chose model A 
(coded one if yes, zero if not) on an indicator of 
whether model A was the diminishing model (coded 

one if yes, zero if not) found that participants were 
substantially more likely to choose model A when it 
was built with diminishing sensitivity to error: OR �
50.77 (95% CI: 29.47, 87.47), z� 14.15, p< 0.001.

Study 3c Design. Studies 3a and 3b found additional 
evidence that people exhibit diminishing sensitivity to 
error, but they do not speak to the degree of this 
diminishing sensitivity. Because any degree of dimin
ishing sensitivity would lead participants to prefer the 
diminishing model in these studies, it remains unclear 
whether participants simply preferred models that 
made more perfect predictions (consistent with maxi
mally diminishing sensitivity) or if they exhibited a 
more continuous decline in sensitivity to models’ 
increasing errors. Study 3c was designed to address 
this question.

The data follows the linear equation y� x for five 
values of x (2, 4, 6, 8, 10), and y� 2+ x for five values 
of x (1, 3, 5, 7, 9). The “sometimes perfect” model pro
duces two perfect predictions but makes eight rela
tively large errors (four errors of four and four errors 
of eight; see Figure 11). In contrast, the “MAE model” 
is always off by one. This trade-off means that a deci
sion maker would need near maximal diminishing 
sensitivity to error—placing overwhelming impor
tance on being exactly right—to prefer the sometimes 
perfect model. For instance, using the penalty func
tion P e( ) � eα, this would require α<0.128. On the 
other hand, a decision maker with more moderate 
diminishing sensitivity to error would favor the MAE 
model. I hypothesized that participants would prefer 
the MAE model as I believe true maximally diminish
ing sensitivity—by which people focus solely on the 
frequency of perfect predictions and completely dis
regard the magnitude of errors—may be rare.

The bonus scheme in Study 3c equated the expected 
value of choosing the sometimes perfect and MAE 
models so that participants were not biased toward 

Figure 10. Observations (Black Dots) and Models with an 
Increasing (MSE: Solid Gray Line) and Diminishing (Dotted 
Black Line) Penalty Functions for the Prediction Task in 
Study 3b 

Figure 11. Observations (Black Dots), the Sometimes Perfect 
Model (Solid Gray Line), and MAE Model (Dotted Gray Line) 
for the Prediction Task in Study 3c 
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either option. Participants earned $1 for a perfect pre
diction, $0.80 for errors of one to three, $0.75 for errors 
of four to eight (the largest error either model made), 
and smaller bonuses were listed for larger magnitudes 
of error. Given this incentive, the expected value of 
choosing both the sometimes perfect and MAE model 
was $0.80.

Study 3c Results. As hypothesized, participants were 
more likely to choose the MAE model than the some
times perfect model even though the MAE model was 
never perfect. Overall, 92.06% (464/504) of participants 
chose the MAE model: z(n� 504)��18.89, p< 0.001, 
using a Wilcoxon signed-rank test versus 50%. A logis
tic regression of whether participants chose model A 
(coded one if yes, zero if not) on an indicator of 
whether model A was the sometimes perfect model 
(coded one if yes, zero if not) found that participants 
were substantially less likely to choose model A when 
it was the sometimes perfect model: OR� 0.007 (95% 
CI: 0.004, 0.014), z��14.87, p< 0.001.

Discussion of Studies 3a–3c. Studies 3a–3c found evi
dence that people prefer models built with diminish
ing sensitivity to error (Hypothesis 4), supporting 
the idea that people evaluate prediction performance 
with diminishing sensitivity. These preferences held 
across multiple sets of stimuli and remained robust 
even in Study 3b, in which the incentive structure 
favored the model with increasing sensitivity to error. 
Notably, the results of Study 3c suggest that most par
ticipants do not simply prefer models that make more 
perfect predictions but instead exhibit more moderate 
diminishing sensitivity that distinguishes between 
smaller and larger errors.

Study 3d Design. Study 3d was designed to test 
whether the results so far generalize to choices between 
a participant’s own predictions and a model’s and 
situations in which participants have richer informa
tion about the prediction process. After giving consent 
and passing an attention check, participants read that 
they would learn about a prediction task by making a 
series of predictions and then have an opportunity to 
earn a bonus. They read that the task involved predic
tions of the output of a number machine. They learned 
that “the specific number machine that you will make 
judgments about takes in 3 input numbers (between 0 
and 10) to generate 1 output number” and that the 
number machine always uses the same exact process to 
generate outputs. Next, participants learned that, along 
with their own estimates, they would also see estimates 
generated by a statistical model and that the model 
uses the same information that they would receive.

Participants learned that the survey would have a 
trial stage and a bonus stage. During the trial stage, 

participants saw a set of inputs and then made a pre
diction for 20 sequential prediction trials. They saw 
the statistical model’s prediction along with the right 
answer immediately after making each prediction. 
Then, during the bonus stage, they chose between 
using their own prediction or the model’s prediction 
in one future trial to determine their bonus. Partici
pants read that the trial stage does not count toward 
their bonus but is meant to help them learn how to 
make a choice in the bonus stage.

Next, participants proceeded through the trial stage. 
Behind the scenes, a set of formulas determined the pre
dictions and performances that participants saw. The 
three inputs were random integers from 0 to 10. The cor
rect answer was a linear combination of the three input 
numbers (0.35a+ 0.15b+ 0.5c) plus a random integer 
(equal to 1 or �1 with equal probability) all rounded to 
the nearest whole number (see Supplement 8, alongside 
the article in the supplemental materials tab on the 
INFORMS site and ResearchBox, for full details).

The predictions and performance of the model dif
fered across the two between-subjects conditions. In the 
“increasing” condition, the model predicted the correct 
linear combination of the three inputs, rounded to the 
nearest whole number, disregarding the random inte
ger. This meant that the model was always off by one 
(either one too low or one too high given the outcome of 
the random integer). In the “diminishing” condition, the 
model predicted the correct linear combination of the 
three inputs rounded to the nearest whole number and 
guessed the random integer. This meant that the model 
was off by zero half of the time (when correctly guessing 
the random integer) and off by two half of the time 
(when incorrectly guessing the random integer).

For each of the 20 trials in the trial stage, partici
pants saw one of 24 sets of preconstructed stimuli 
randomly selected without replacement. Each trial 
consisted of two pages. On the first page, participants 
saw the three input numbers and made their own pre
diction from 0 to 10 (restricted to whole numbers) in a 
blank text box. Then, on the second page, they saw 
their prediction, the model’s prediction, and the cor
rect answer.

After completing the 20 trials, participants learned 
how their bonus would be calculated given the perfor
mance of their chosen prediction method. They would 
earn a maximum of $1, losing $0.10 for each unit of 
error in the prediction. That is, they would earn $1 if 
the prediction was off by zero, $0.90 if the prediction 
was off by one, $0.80 if the prediction was off by 
two, and so on. Given this bonus scheme, both models 
generated the same amount of bonus money in expec
tation ($0.90). Participants learned that they would 
make a prediction themselves no matter which option 
they chose. Next, participants made a binary choice 
between using their own prediction or the model’s 
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prediction to determine their bonus. After making 
their choice, participants completed the final predic
tion and reported their age, sex, and highest level of 
education to complete the study.

Study 3d Hypothesis. I hypothesized that participants 
would be significantly more likely to choose to use the 
model in the diminishing condition as people with 
diminishing sensitivity to error would prefer an equal 
chance of realizing zero and two units of error to real
izing one unit of error for certain. Note that choosing 
not to use the model in either condition was likely 
costly to participants because it was impossible to earn 
more than either model in expectation. Realistically, 
participants’ own predictions would almost surely 
earn less than the model’s in both conditions as partici
pants were unlikely to perfectly learn the equation that 
generated the correct answers.

Study 3d Results. As expected, the model performed 
significantly better than participants in both conditions. 
Participants’ predictions were off by 1.77 on average 
in the trial stages, and (as designed) the model’s predic
tions were off by 1.00 on average: t(500)� 31.19, p <
0.001.9 Participants’ performance when generating their 
own predictions was not significantly different between 
the increasing (M� 1.74) and diminishing (M� 1.80) 
conditions: t(499)��1.13, p� 0.257. Only 2.20% of parti
cipants (11/501) outperformed the model (by chance) 
during the trial stage. Similarly, the model performed 
significantly better (M� 0.96) than participants (M� 1.67) 
in the single bonus stage (t(500)��9.80, p< 0.001) and 
generated larger bonuses as a result.

Although the model was significantly better at gen
erating bonuses than participants were in both condi
tions, participants were significantly more likely to 
use the model in the diminishing condition. Specifi
cally, whereas 36.00% (90/250) of participants chose 
to use the model in the increasing condition, 51.39% 
(129/251) of participants chose to use the model in the 
diminishing condition: χ2(1, n� 501)� 12.06, p� 0.001. 
This result is consistent with the notion that partici
pants preferred a model built with diminishing sensi
tivity to error and that more participants were willing 
to pay a cost in expected bonus to avoid using a 
model built with increasing sensitivity to error.

Discussion of Study 3d. As in Studies 3a–3c, Study 3d 
found that people prefer models built with diminishing 
sensitivity. Study S3e replicates these results with parti
cipants making a choice between two models (see Sup
plement 9 alongside the article in the supplemental 
materials tab on the INFORMS site and ResearchBox). 
These studies highlight the potential benefits of design
ing models to reflect users’ preferences and, conversely, 
the potential costs of implementing standard penalty 

functions (e.g., minimizing squared error) without con
sidering users’ preferences. For example, most partici
pants in Study 3d chose not to use a model when their 
only option minimized squared error, leaving money on 
the table as a result. On the other hand, presenting parti
cipants with a model that reflected their apparent dimin
ishing sensitivity to error significantly boosted their 
willingness to use a model, and increased their earnings 
as a result. This finding suggests that designing user- 
centered algorithms around human preferences may 
enhance algorithm adoption and help individuals to bet
ter capitalize on the benefits of algorithmic decision mak
ing (see Dawes et al. 1989).

General Discussion
Studies 1–3 found convergent evidence that people 
generate and evaluate predictions in the form of point 
estimates with diminishing sensitivity to error. Study 
1 found that people place their predictions approach
ing the modes of distributions and restrict predictions 
to possible outcomes. Study 2 found that people 
report decreasing marginal reactions to larger units of 
error. Study 3 found that people prefer models built 
with diminishing sensitivity to error over those with 
more typical penalty functions. The consistency of 
participants’ responses across very different experi
mental designs suggests that people may approach 
prediction as a decision under uncertainty; however, 
they may do so with different preferences over error 
than statisticians, modelers, researchers, and other 
experts typically assume.

People’s diminishing sensitivity to error is likely to 
be multiply determined, and the different behaviors 
exhibited across Studies 1–3 likely reflect the influence 
of multiple underlying processes. Perceptual differ
ences in how people process errors of varying magni
tudes may have played a role in all studies. Particularly 
in Studies 2 and 3, in which participants directly evalu
ated errors, magnitudes of larger errors may have been 
perceived as less distinct, leading participants to priori
tize the realization of small errors. However, for this 
perceptual account regarding errors to explain the 
results of Study 1’s participant-generated predictions, 
participants would have needed to anticipate the 
potential errors associated with different possible pre
dictions and then perceive those potential errors with 
diminishing sensitivity. Whereas this mirrors how 
many statistical models operate, it may be less likely to 
reflect participants’ decision processes when formulat
ing a prediction given a distribution.

Alternatively, in Study 1, participants may have for
mulated predictions based on internal motivations to 
be right or internalized performance standards that 
disproportionately reward perfect answers. This could 
have led participants to exhibit diminishing sensitivity 
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by seeking out predictions that were more likely to be 
perfect, disregarding the potential for large errors as 
relatively inconsequential. Additionally, because Study 
1 did not provide a concrete performance goal, partici
pants may have inferred that they were expected to 
provide the most likely outcome rather than one that 
minimized expected error, driving their predictions 
toward the mode. However, this mechanism is less 
likely in Study 3, in which participants chose among 
models with a clear financial incentive to minimize 
expected error, and especially in Study 3b, in which 
they were incentivized to minimize squared error.

Memory may have played a significant role in partici
pants’ diminishing sensitivity to error in Study 3, in 
which they observed multiple prediction trials before 
selecting a model, requiring them to evaluate perfor
mance from memory. Specifically, participants may 
have encoded, stored, and recalled model performances 
in a way that distinguished smaller errors, grouping 
larger errors into broader categories (e.g., right, close, 
and way off). However, memory should have played a 
smaller role in Study 1, in which all relevant information 
was visible on-screen when participants made their pre
dictions. Further, it is unlikely that memory had a strong 
influence in Study 2 as participants directly evaluated 
errors of different magnitudes in real time with no clear 
need for recall.

Overall, diminishing sensitivity to error may be 
driven by multiple factors with their influence poten
tially varying across contexts and tasks. Future 
research could refine these mechanisms, explore how 
they interact, investigate when each is most influen
tial, and test how they generalize to different tasks 
and prediction domains. Beyond the clear theoretical 
contribution, understanding the role of each mecha
nism may be useful for both building models that rep
resent users’ preferences across different domains and 
accurately interpreting people’s predictions across dif
ferent domains.

Implications for Supplying Laypeople with 
Predictions
This work has significant implications for prediction 
generation. Consumers of predictions may evaluate 
them with diminishing sensitivity to error, finding the 
most satisfaction when estimates reflect likely out
comes. To maximize consumer satisfaction, prediction 
suppliers (and their models) should consider prioritiz
ing feasible outcomes (e.g., avoiding decimals when 
outcomes are inherently whole numbers) and being 
right rather than avoiding large errors. For example, 
consumers may prefer a prediction that a football team 
will win by 3 points instead of 2.48 points because (i) 
football scores are whole numbers and (ii) three-point 
margins of victory are much more common than two- 
point margins of victory (Greer 2020). These 

preferences contrast with many standard algorithms— 
such as those that minimize squared error—which 
often produce decimal predictions for inherently 
whole-number outcomes and prioritize reducing large 
errors even if it means introducing smaller ones.

Importantly, aligning algorithmic predictions with 
people’s preferences for predictions would likely 
increase the usefulness and adoption of those predic
tions. People’s apparent reluctance to use algorithms 
that make errors (e.g., Dietvorst et al. 2015) could stem 
not just from a general distrust of imperfect algorithms 
but also from opposition to the traditional methods 
used to balance errors within these algorithms. This 
mismatch suggests that the dissatisfaction with algo
rithmic predictions could be reduced by developing 
models that align more closely with human prefer
ences over error, emphasizing algorithms that better 
reflect how people naturally assess errors. This shift 
could not only improve user satisfaction but also 
enhance the practical adoption of algorithmic deci
sions in everyday applications (see Dietvorst 2025).

Implications for Interpreting Laypeople’s 
Predictions
These findings also have important implications for 
those of us who interpret people’s predictions for 
research or other purposes. People’s predictions are 
often consequential. For example, market researchers 
may ask consumers to make predictions in order to 
learn about their beliefs, and surveys of consumer sen
timent, which often ask participants to make predic
tions, are used as economic indicators (e.g., Carroll 
et al. 1994). However, as highlighted in the introduc
tion, accurately deducing people’s beliefs from their 
point estimates requires a clear grasp of their predic
tion goals. This work indicates that people’s point esti
mates often reflect the outcomes they deem likely 
rather than outcomes that minimize error in expecta
tion (see also Dimitriadis et al. 2019). Recognizing this 
tendency can enhance the interpretation of consumers’ 
predictions for research and practical applications.

This work also suggests that some common research 
practices misinterpret participants’ predictions. For 
example, researchers often elicit predictions from par
ticipants to learn about their beliefs and test whether 
those beliefs are biased. These tests often compare the 
mean of participants’ beliefs to the mean of true out
comes (e.g., using a t-test) and interpret a significant 
difference as evidence of biased beliefs. As just one of 
many potential examples, Snyder (1978) interpreted 
students predicting that they will live 10 years longer 
than average (conditional on their age) as a self- 
serving biased belief. However, such interpretations 
assume that participants’ predictions represent the 
mean of their distribution of beliefs and, therefore, 
implicitly assume that participants generate point 
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estimates with the goal of minimizing the expectation 
of squared error. Otherwise, we should not necessarily 
expect predictions to match the mean of actual outcomes 
when beliefs are unbiased. For example, considering the 
generally left-skewed distribution of age at death with a 
mean of 78.9 years and a mode of 87 years in the United 
States in 2015 (Fuchs and Eggleston 2018), Snyder’s 
(1978) students could have been accurately estimating 
the most common age at death (i.e., the mode) instead 
of inflating the mean age at death.

The present work suggests that people do not typi
cally aim to minimize squared error or predict the mean 
of a distribution, potentially invalidating the types of 
comparisons described above. Moreover, laypeople’s pre
ferences over error do not necessarily conform to conven
tional assumptions; they may have asymmetric penalties 
for positive and negative errors, unexpected discontinu
ities in their penalties, or other nonstandard preferences. 
Further, they may treat probabilities nonlinearly (see 
Gonzalez and Wu 1999). As a result, drawing conclusions 
about biased beliefs based solely on a point estimate may 
require either unrealistic assumptions or more informa
tion than is typically available.

Limitations and Future Directions
This work is intended to be an initial investigation 
and has many limitations. Future work should refine 
and build on the present findings. This paper made 
several simplifying assumptions to facilitate the inves
tigation of people’s preferences over prediction error. 
Whereas it proposes that people exhibit diminishing 
sensitivity to prediction error, it does not take a definitive 
stance on the exact functional form of people’s penalty 
functions, which could be power functions, logarithmic 
functions, hyperbolic functions, quasi-hyperbolic func
tions, or other alternatives. I assumed a power function, 
P e( ) � eα, for concrete examples in the paper, but this 
choice is purely for illustrative simplicity and not 
intended to advocate for this particular functional form. 
Moreover, different functional forms might indicate dis
tinct or partially distinct psychological processes, which 
future work should explicitly investigate. Additionally, 
this paper assumes that people evaluate absolute error 
(e) and apply equal penalties to all errors of the same 
magnitude (e.g., errors of 2 and �2 generate the same 
penalty). These are also assumptions of convenience 
rather than theoretically driven claims. Future research 
should investigate if and when these assumptions hold.

Separately, whereas the evidence in this paper found 
a tendency for participants to make and evaluate pre
dictions with diminishing sensitivity to error, partici
pants exhibited notable heterogeneity. For example, 
some participants did not make predictions approach
ing the mode, and some participants chose models 
built with increasing sensitivity. This variability was 
also evident across contexts; for example, participants 

demonstrated more pronounced diminishing sensitiv
ity when making predictions about dice rolls in Study 
2b compared with predicting flower characteristics in 
Study 2a. Further, there may be domains in which 
most people exhibit constant or increasing sensitivity 
to prediction error although I have not found any yet. 
Thus, anyone providing people with predictions or 
interpreting people’s predictions should ideally inves
tigate the relevant people’s preferences over error in 
the relevant domain, possibly employing methods 
from this research, such as eliciting reactions to differ
ent magnitudes of error or having individuals rate 
potential predictions given a distribution.

This work focuses on individual preferences regarding 
error when people make or evaluate single predictions. 
However, preferences might shift when individuals are 
involved in setting policies or making multiple predictions 
simultaneously. It is possible that people show increasing 
or constant sensitivity to error when considering many pre
dictions. This suggests a potential difference in perspective: 
model builders, who naturally consider overall perfor
mance across multiple predictions, might prioritize aggre
gate measures of performance (e.g., MSE, MAE), whereas 
users may simply care whether the model gives them a 
good prediction this time. Exploring this potential 
disparity—whether people indeed have different prefer
ences over error when supplying many estimates to others 
versus receiving one estimate for themselves—offers an 
intriguing avenue for future research.

The notion that diminishing sensitivity to error 
drives people to seek predictions that are “right” may 
also have implications for the types of estimates they 
prefer. For example, Hu et al. (2024) find that people 
prefer range estimates over point estimates for time 
prediction tasks likely because ranges increase the 
chance of being perceived as right. This raises open 
questions about how diminishing sensitivity influ
ences people’s evaluation of ranges, and whether 
alternative prediction formats could better satisfy peo
ple’s desire to be right. Exploring these open ques
tions may help extend the present framework to a 
broader class of prediction formats.

Finally, the present work investigated people’s pre
ferences over error isolated from other outcomes. 
However, people often use predictive algorithms and 
make predictions in domains in which they realize 
outcomes beyond error, such as gains or losses to 
wealth, products they like or dislike, and early or late 
arrivals at a destination. Whereas Study 3 found that 
preferences over error still influence decisions even 
when material outcomes are involved (see also Diet
vorst and Fei 2021), further research is needed to under
stand how people balance prediction error against these 
other considerations. For example, this paper proposes 
that people are typically risk-seeking over prediction 
error, whereas prior research finds that people are 
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generally risk-averse concerning financial outcomes 
(Arrow 1971, Kahneman and Tversky 1979), and it 
remains unclear how people integrate these distinct 
preferences to make a prediction that informs a finan
cial decision. It should be emphasized that predictions 
in contexts with material consequences may not always 
reflect diminishing sensitivity to error as people’s pre
ferences regarding the material outcome may strongly 
influence their predictions. Additionally, it remains 
unclear which penalty functions models should adopt 
when these objectives conflict, highlighting an impor
tant area for future inquiry.

Although this paper cannot specify which penalty 
functions people universally apply to predictions and 
other decisions, it emphasizes an important general 
lesson: The penalty function should never be merely 
an assumption or an afterthought. We should not 
assume that people are minimizing squared error or 
reporting the mean of their distribution of beliefs 
when interpreting their predictions. Similarly, we 
should not automatically build models to minimize 
squared error just because it is traditional or because 
it is the default setting in our statistical software, 
especially if we aim for our models to align with 
users’ preferences. Instead, we should thoroughly 
investigate users’ preferences concerning different 
outcomes and construct models that are maximally 
beneficial for the user.
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Endnotes
1 I use P e( ) � eα for concrete examples throughout the paper, but I 
do not advocate for this particular functional form. I chose this 
function because it is simple, and it can accommodate squared error 
(a commonly used metric).
2 I give full credit for this proof to Avner Strulov-Shlain. I take full 
responsibility for any errors.
3 In all studies, the preregistered standard for making a prediction 
consistent with a summary statistic of the distribution (i.e., the 
mean, median, and mode) was making a prediction within 0.5 of 
that point.
4 The odds ratios in this section are from a logistic regression of 
whether participants predicted within 0.5 of a mode (coded 0/1) on 
participants’ numeracy scores, which ranged from zero to three.

5 Here, 12.99% reported two steps, 24.02% reported three, 21.65% 
reported four, and 9.84% reported five steps.
6 In Study 2b, when excluding the first difference, the rating gap 
between neighboring errors no longer decreased significantly on 
average: b��0.02, t(252)��0.80, p� 0.424. In Study 2a, the decrease 
in ratings gap persisted after excluding the first difference: b� –0.14, 
t(253)��4.30, p< 0.001.
7 This coefficient is much larger when “0 error” is included in the 
regression: b��0.89, t(252)��34.01, p< 0.001.
8 Here, 20.95% reported two steps, 17.79% reported three, 7.11% 
reported four, and 1.58% reported five steps.
9 I summarize performance in terms of mean absolute error because 
participants were incentivized based on absolute error.
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