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Abstract

Human reasoning and decision-making under uncertainty of-
ten deviate from normative standards of rationality. Over the
past decades, cognitive scientists have extensively investigated
heuristics and cognitive biases, such as overconfidence—the
tendency to overestimate the probability that one’s judgments
are correct. Meanwhile, philosophers have explored differ-
ent “cognitive utilities” that guide both scientific and every-
day reasoning, including the concept of truthlikeness, i.e., how
well an hypothesis, be it a statement or a numerical interval,
approximates the whole truth about a target domain. In this
paper, we integrate empirical findings with philosophical per-
spectives, showing how formal models of truthlikeness offer
valuable insights for empirical research on overconfidence. In
particular, by conceptualizing overconfidence through the lens
of expected truthlikeness maximization, we argue that many
instances of this phenomenon may be construed not as cogni-
tive biases, but rather as rational strategies for approaching the
truth under conditions of uncertainty.

Keywords: Overconfidence; Overprecision; Overestimation;
Cognitive Bias; Miscalibration; Interval Estimation; Truthlike-
ness; Verisimilitude; Closeness to the Truth.

Introduction

Human reasoning and decision-making under uncertainty of-
ten deviate from normative standards of rationality. Over
the past decades, cognitive scientists have investigated var-
ious heuristics and cognitive biases of human reasoning,
documenting how they depart from theoretical prescriptions
(Kahneman, 2011} [Tversky & Kahneman, |1983}; |Gigerenzer,
2015). A widely studied bias is overconfidence in judgments
(Lichtenstein, Fischhoff, & Phillips, {1977 Russo, Schoe-
maker, et al.l [1992; Moore & Healyl |2008), occurring when
people systematically overestimate the probability that their
own judgments are approximately correct.

Independently, philosophers have examined the “cogni-
tive” or “epistemic” utilities—such as probability, accuracy,
confirmation, explanatory power, and others—that guide rea-
soning and cognitive decision-making in both scientific and
everyday contexts (Niiniluoto, 1987 [Sprenger & Hartmann,
2019; |Pettigrew, 2016). Among them, verisimilitude or truth-
likeness (TL), as originally introduced by |Popper (1963),
refers to how well an hypothesis, be it a statement or a numer-
ical interval, approaches the truth about the target domain.

In this paper, we integrate empirical findings with philo-
sophical perspectives, arguing that formal models of truth-
likeness can provide important insights into the study of over-
confidence and miscalibration in judgment. In particular, we

show that, when overconfidence is conceptualized through
the lens of expected TL maximization, many instances of this
phenomenon may be construed not as cognitive biases, but
rather as rational strategies for approaching the truth under
conditions of uncertainty.

The paper proceeds as follows. First, we review some
results concerning overconfidence and miscalibration in the
psychology of reasoning and discuss some interesting theo-
retical models proposed by psychologists to account for such
phenomenon (Yaniv & Foster, [1995] [1997). Second, we in-
troduce the notion of TL, as developed in the philosophy of
science literature (Oddie & Cevolani} [2022)), focusing in par-
ticular on Oddie’s (1986) measure. Third, we assess avail-
able experimental evidence through formal models of ex-
pected TL. We show how these models combines probable
truth and informative content and precisely explain the ac-
curacy/information trade-off underlying the phenomenon of
overconfidence (Yaniv & Foster, 1995|1997} [Teigen, |1990).
To further corroborate this theoretical interpretation of over-
confidence, we use computer-based simulations to predict
empirical assessments that can be compared with empirical
data about overconfidence in interval estimation.

On the basis of our results, we argue that overconfidence,
when conceptualized through the notion of TL, is not neces-
sarily a cognitive bias, but can be seen, in a more positive
light, as a rational strategy to approximate the truth under un-
certainty. Finally, we conclude with some suggestions for
future work, in particular on how to empirically test our TL-
based model of overconfidence.

Overconfidence and the Preciseness Paradox

Overconfidence, broadly defined as people’s tendency to
overestimate the confidence in the correctness of their judg-
ments, emerges from miscalibration in judgments. An “epis-
temic agent” is perfectly calibrated when its degree of con-
fidence in a certain judgment, i.e., how probable the agent
thinks the judgment is true, matches the degree of accuracy
of the judgment. For instance, if an agent is 90% sure of
its performance on a quiz and answers correctly 9 out of 10
questions, the agent is perfectly calibrated. On the contrary,
a mismatch between confidence and accuracy leads to mis-
calibration, implying either overconfidence (when confidence
exceeds accuracy) or underconfidence (when confidence un-
dershoots accuracy). For instance, if the agent is 90% sure of
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its performance but answers correctly only 6 out of 10 ques-
tions in the quiz (60% of accuracy), he is overconfident.

Miscalibration leading to overconfidence is a well-known
and studied bias in cognitive sciences and psychology
(Lichtenstein et al.,|1977; Alpert & Raiffa, 1982; Russo et al.|
1992; Liberman & Tversky, 1993} Baranski & Petrusic,|1994;
Harvey, [1997; Keren & Teigen| 2001} |Teigen & Jgrgensen,
2005). People show a systematic tendency in overestimat-
ing their ability to provide accurate judgments. This phe-
nomenon, cited as the most significant among cognitive bi-
ases (Kahneman), 2011)), is often related to real-world issues,
such as financial crises and corporate failures (Malmendier
& Tate, 2005} [Ho, Huang, Lin, & Yen, 2016; Leng, Ozkan,
Ozkan, & Trzeciakiewicz, |[2021)).

While behavioral experiments clearly show the pervasive-
ness of overconfidence, the theoretical interpretation of this
phenomenon is less clear, and no agreement exists on its main
determinants. In part, this is due to a lack of conceptual clar-
ity, since overconfidence appears to be an umbrella term cov-
ering quite different constructs and experimental paradigms.
Following Moore and Healy| (2008)), it is worth distinguish-
ing at least two constructs of overconfidence relevant for the
current paper, i.e., overestimation and overprecision

Overestimation consists in thinking that you are better than
you are, being then related to one’s actual ability and the
chance of success in a task, like the knowledge quiz in the
example above. Overprecision instead concerns the excessive
faith that you know the truth, and typically occurs in cases of
miscalibrated interval estimations. Suppose, for instance, that
you are presented with a question such as: “How long is the
Nile River?”. You are asked to provide an interval estimate
(range) with a “confidence interval” CI = 90%, that is, to pro-
vide a low and a high estimate such that you are 90% certain
the correct answer will fall within these limits. If the interval
estimate you provide is too narrow (and hence corresponds to
a CI lower than 90%), you are overprecise.

Experimental research is consistent in demonstrating that
people prefer estimates corresponding to Cls around 60%, or
even lower (e.g., 20% and 40%), even when asked to provide
estimates with higher CIs, like 90% or more (Lichtenstein
et al.| [1977; Russo et al., [1992; Teigen & Jgrgensen, 2005
Keren & Teigen, 2001)). This robust finding motivated a sys-
tematic investigation of overprecision in interval estimation.
The systematic tendency of preferring precise estimates, at
the cost of reducing their probability of being correct has been
dubbed the “preciseness paradox” by [Teigen| (1990). Indeed,
even though the most precise of two estimates has necessarily,
for purely logical reasons, a smaller likelihood of being true,
it has typically greater chances of being preferred by human
judges. In the most advanced investigation of overprecision
(Yaniv & Foster}, |1995||1997), participants were directly pre-
sented with the true value of some quantity, thereby eliminat-

Moore and Healy| (2008) also analyze a third construct, over-
placement, defined as an exaggeration of the degree to which one’s
judgments are better—more accurate—than others’. The discussion
of overplacement is beyond the scope of the present work.

ing any possible uncertainty. When asked to choose between
two alternative intervals representing possible answers to the
question about the relevant true value, participants tended to
still prefer narrower intervals, even if they didn’t contain the
target value (see below for an example).

Different models have been proposed to account for the
data on overprecision (Tversky & Kahneman,|1974; Gigeren-
zer, Hoffrage, & Kleinbolting, |1991} |Yates, |1994; [Tversky,
1969; Juslin, Winman, & Hansson, 2007) Some point to
a possible trade-off between probability of truth and infor-
mativeness as the main determinant of the effect: partici-
pants may value the greater information provided by an in-
terval estimate at the expense of its lower probability of be-
ing true, i.e., containing the relevant true value. In particular,
the so-called “additive model” proposed by |Yaniv and Fos-
ter| (1995) assumes that, when asked to provide or assess an
interval estimate, people tend to balance two, potentially con-
flicting, dimensions: the informativeness of the estimate, i.e.,
the coarseness of the interval, roughly measured as its width,
and its accuracy, i.e., the distance of the interval from the true
value as measured by the distance of its midpoint.

Interestingly, their idea is quite close to the ones that inde-
pendently motivated the development of models of verisimil-
itude or truthlikeness by philosophers of science, to which we
now turn.

Truthlikeness and expected truthlikeness

In scientific and ordinary contexts, truth is often assumed to
be the aim of rational inquiry. However, some truths are better
than some other truths; and sometimes even falsehoods may
realize the aim of inquiry better than some truths do. For
instance, suppose to compare two different estimates, A and
B, of the height of Mont Blanc, knowing that its actual height
is 4808 m. Suppose further that A states that the Mont Blanc
is between 2000 m and 10000 m high, while B says that the
Mont Blanc is between 4000 m and 4500 m high. Note that
A is a true estimate, since it contains the true value, whereas
B is false, since it excludes it. Still, B may appear as clearly
a better estimate than A in approximating the height of the
Mont Blanc. The reason is that B, although false, is much
more informative than the rather vague estimate provided in
A, and still quite close to the truth (even if not as close as A).

This example shows that truth is a too coarse-grained prop-
erty to evaluate the epistemic status of propositions and sci-
entific hypotheses. A more fine-grained notion is needed to
assess the relative closeness to the truth of such hypotheses
and propositions. Starting from |Popper| (1963), philosophers
of science have then tackled this issue by defining formal no-
tions of truthlikeness or verisimilitude, construed as close-
ness to the whole truth about a target domain (Popper, |1963;
Oddiel [1986}; Niiniluoto, [1987; |Oddie & Cevolani, [2022). In
the philosophical jargon, we say that estimate B in the exam-

2SeeMoore and Healy|(2008); Moore, Tenney, and Haran|(2015)
for areview of the different approaches proposed to explain overcon-
fidence and related phenomena.
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ple above is false but closer to the truth, more verisimilar, or
more truthlike, than estimate A. The “logical” problem of TL
amounts to rigorously define what truthlikeness is: given a
certain truth ¢, tell when a theory (proposition, hypothesis, in-
terval) is closer to the truth than another one. The “epistemic”
problem of TL consists in assessing when a theory (proposi-
tion, hypothesis, interval) is estimated as closer to the truth
than another without knowing the actual truth, but possibly
some (true) evidence about the relevant domain.

The philosophical literature has developed different formal
models to approach these issues (Oddie, |1986; Niiniluoto,
1987; |Schurz & Weingartner, |2010; (Cevolani & Festa, 2021}
Kuipers, 2024) All such models aim at providing adequate
measures (or comparative orderings) of the closeness of an
hypothesis to the truth. Such measures can be construed as
striking a balance between the truth and the informative con-
tent of the hypothesis; in this way, they provide a way of as-
sessing, in a principled and independently motivated way, the
trade-off between accuracy and informativeness studied by
psychologists.

For the sake of comparison, in the following we shall focus
on cases where hypotheses are expressed as finite, closed in-
tervals I of points of a discrete “universe” U, and “the truth”
is one of this point. As an example, U may be the line
of natural numbers from 1 to 10000 expressing the heights
of mountains in meters; t = 4808 may be the true value of
some relevant quantity like the height of Mont Blanc; and
A = [2000,10000] and B = [4000,4500] may be two hy-
potheses about t. A definition of the truthlikeness of such
hypotheses amounts to a measure of the distance of the corre-
sponding intervals from ¢. For normalization purposes, let’s
assume the absolute difference between two points a and b of
U, divided by the cardinality card(U) of U, as the measure of
their distancef]

|a—b|

@) = oty

ey

One natural way to extend measure & to a measure A of the
distance of an interval I from a point a is taking the average
of the distances from a of the points in /:

1

All,a) = card(I)

x Y 8(x,a) )

xel

where card(I) is the number of points in /. Note that measure
A expresses a trade-off between the accuracy of I (depending
on the distance  of its points from ) and the informative-
ness of / (as measured by its cardinality or width). In fact,
I could be very accurate (i.e., overall close to the truth) but,
at the same time, poorly informative (i.e., “too wide”); or,
vice versa, it could be very informative (i.e., “narrow”), but
inaccurate (i.e., far from the truth).

3For surveys, see [Niiniluoto| (1998| [2020); (Oddie and Cevolani
(2022).

#This particular measure is chosen for the sake of simplicity.
Other possible measures, not referring to the cardinality of U, are
discussed for instance by [Kuipers| (2024) and Niiniluoto| (1987).

The truthlikeness of / is then defined as the complement of
its distance from the truth, as follows:

TL(I) = 1-A(L1)

3
lfﬁfl(,)):xeﬁ(x,t) )

This is known as the (Tichy-Oddie) average measure of truth-
likeness. Again, note that TL(I) depends both on how close to
the truth [ is (in terms of ) and how informative I is (in terms
of card(I)). In this precise sense, truthlikeness is a trade-off
between truth (accuracy) and information content.

Now suppose that the truth ¢ is unknown. Suppose further
that an epistemic probability distribution p is defined over U
(expressing the degrees of belief of a rational agent about the
truth in U), such that, for each x € U, p(x) expresses the prob-
ability that point x is the true value (possibly given some evi-
dence, in which case we use conditional probability). The ex-
pected truthlikeness of I can then be defined as (Oddie, |1986;
Niiniluoto, |1987):

ETL(I) =) TL(I|x) x p(x) 4)
xeU

i.e., as the expected value of TL([), i.e., the (weighted) sum
of the truthlikeness degree of I relative to each possible point,
weighted by the probability that the point represents the truth.
In the overconfidence literature, the “confidence interval” CI
associated with I is the probability that I contains the truth ¢,
i.e., it is simply defined as the proportion card(I)/card(U).
Interestingly, CI and ETL are independent notions: a narrow
interval is bound to have a low CI but may have high ETL if
all its points are expected to be close to the truth. Vice versa,
a wide interval with high CI could have a low degree of ETL
(see below for examples).

From a philosophical point of view, measures 7L and ETL,
as defined above, solve the logical and epistemic problem of
truthlikeness, respectively. TL(I) expresses how close to the
truth ¢ an interval is, assuming 7 is known; ETL(I) represents
the best estimate, given the available evidence E, a rational
agent can give of the unknown, actual truthlikeness of / when
t is unknown. As we shall see in a moment, such measures
may also account for the empirical data on overconfidence
produced by psychologists.

Modeling overconfidence as (expected)
truthlikeness maximization

Let’s come back to the problem of overprecision as defined
above. The two main empirical findings are as follows. First,
when participants are asked which, between two intervals A
and B, is a better estimate of the known, true value ¢ of some
quantity, they tend to prefer the narrower of the two intervals,
even if it doesn’t contain ¢ (recall the Mont Blanc example
above). This is the preciseness paradox. Second, when par-
ticipants are asked to give, in the form of an interval, their best
estimate of the unknown value ¢ at some confidence level CI,
they tend to answer with an interval which is “too narrow”,
i.e., corresponding to a probability of being correct much
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Table 1: Comparisons of truthlikeness for some interval esti-
mates from Yaniv & Foster (1995). The star (x) identifies the
interval preferred by participants.

(L.a) (1.b) (L.c)

U =1,100] U = [1800, 1950] U = [500,900]
t=225 t=189%4 t=1713
Intervals TL Intervals TL Intervals TL
[20,40] 0.92 | [1870,1890] 0.90 | [800,3850] 0.72
[18,20]x 0.96 | [1875,1925]« 0.91 | [600,800)« 0.87

lower than CI. This is the overprecision bias in its standard
form.

From the present perspective, the tasks participants face in
these two cases are, respectively, assessing the relative truth-
likeness of the given intervals and providing their best esti-
mate in terms of expected truthlikeness. In the following, we
discuss these two cases in turn. The underlying assumption
is that participants are behaving as if they were ideal, rational
agents who choose the most truthlike hypothesis, when the
truth is known, or maximize expected truthlikeness when it is
unknown.

Truthlikeness and the preciseness paradox

Let consider the following trial of an experimental session
(Yaniv & Foster, [1995)). Participants are asked to choose be-
tween two estimates of the amount of money spent on educa-
tion by the US federal government in 1987. The first estimate
corresponds to the interval A “20 to 40 billion,” the second to
the narrower interval B “18 to 20 billion.” Participants know
the true answer, which is ¢+ = 22.5 billions. Experimenters
found that around 80% of participants preferred B over A as
an estimate of ¢, despite B being false and A true. How can
we make sense of this preference?

A natural answer is provided by truthlikeness. While false,
B is much more informative and precise than A, and still it is
reasonably close to the truth, in the sense that both of its ex-
tremes are quite close to 7. On the contrary, even if A is true, it
is quite vague and uninformative; moreover, it contains point
estimates which are very far from the truth. In short, B can
be well estimated as more truthlike than A. Indeed, this is
what our formal model delivers. Consider the two intervals
A =[20,40] and B = [18,20] relative to some sensible range
of values providing the relevant universe such as U = [1,100].
Then, if the truth is ¢ = 22.5, by applying eq. [3] we obtain
that TL(B) = 0.96 > 0.92 = TL(A). Further examples are
provided in Table[I] showing how TL can rationalize partic-
ipants’ choices by capturing the accuracy-information trade-
off in judgmental estimation. Note that narrower, i.e., more
informative intervals are preferred to wider and less informa-
tive ones if the former are sufficiently close to the truth (as in
case 1.a), but not otherwise (as in cases 1.b and 1.c)

Table 2: Summary results of the simulations: expected truth-
likeness and confidence levels of some intervals in the uni-
verse U = [1,100].

Uniform distr. Normal distr.

Interval ETL Interval ETL
ETL,. [51] 0.75 [30] 0.99
ETL,c4ian  [9,80] 0.7 [4,85] 0.77
ETL,, 1] 0.5 [100] 0.3
CI=20% [41,60] 0.75 [21,40] 0.95
CI=40% [31,70] 0.74 [10,49] 0.9
CI=60% [21,80] 0.72 [1,60] 0.85
CI=90% [6,95] 0.68 [1,90] 0.75
CI=100% [1,100] 0.67 [1,100] 0.71

Overconfidence as expected truthlikeness
maximization

Typical experiments on overprecision require participants to
provide interval estimates with a given degree of confidence
CI specified by the experimenter (Russo et al.,|1992; [Keren &
Teigen, 2001} [Teigen & Jgrgensen, [2005). Differently from
the previous case borrowed from |Yaniv and Foster| (1995),
in such studies the truth is unknown. Participants have to
estimate it by providing the upper and the lower bound of
an interval such that they are, say, 90% certain the truth falls
within the interval.

As said above, participants tend to provide too narrow in-
tervals, having a CI much lower than the one required by the
experimenter. For instance, Russo et al.| (1992) find that par-
ticipants provide interval ranges corresponding to confidence
levels of 60%, 40%, and even 20%, despite being instructed to
respond based on confidence intervals of 90% or 95%. While
such answers are usually interpreted as pointing toward an
overprecision bias, they are to be expected if one assumes that
participants are trying to maximize expected truthlikeness.

To better explore this view of overprecision based
on expected truthlikeness maximization, we conducted a
computer-based simulationE] In the simulation, we assume
a fixed, abstract universe U = [1,100]. Relative to this U,
we generated all possible intervals, representing possible par-
ticipants’ answers, including the 100 “degenerate” intervals
amounting to point estimates, like for instance [42]. This pro-
duced a total of 5052 intervals. For each of these intervals
I, we computed its degree of expected truthlikeness ETL([)
by applying Eq. 4] as well as its CI in percentage. For the
former, we need to define a probability distribution on U. For
the sake of illustration, we considered two different proba-
bility distributions: a uniform distribution p(x) = 1/card(U)
for all x € U, and a normal distribution with mean u = 30 and
fixed standard deviation SD = 1.

Summary results of the simulation are reported in Table
The general message is clear. In order to maximize expected

3 Available at: osf.io/Over_Truth_CogSci2025,
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ETL vs. Confidence Interval (Uniform Distr.)
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Figure 1: Scatter plot of the ETL values of intervals (for uni-
form probability distribution only), grouped by CI.

truthlikeness, one needs to choose comparatively narrower in-
tervals, or even degenerate ones. Of course, such intervals
will have lower confidence levels. For example, in the case
of an uniform probability distribution, the degenerate inter-
val [51] (CI = 1%) has the maximum expected truthlikeness
of 0.75, a value equal or very close to that of wider inter-
vals, such as [41,60] (CI = 20%) and [31,70] (CI = 40%),
which respectively have ETL of 0.75 and 0.74. On the con-
trary, to meet the expectations of experimenters, one would
need to sacrifice expected truthlikeness: indeed, wider in-
tervals like [6,95] (CI = 90%), have lower ETL, i.e., 0.68.
Moreover, it is worth noticing that intervals with higher CIs
show a small variance in ETL, meaning that the ETL values
associated with less informative intervals are approximately
constant (see Figure|[T).

With an uniform probability distribution—corresponding
to a state of complete ignorance, on the side of the agent,
about the likely location of the truth in U—values of ETL
over the various intervals of the universe don’t differ so much.
The trade-off between expected truthlikeness and confidence
levels is better appreciated when considering a normal proba-
bility distribution with g = 30 and SD=1. Again, narrower in-
tervals are favored in terms of ETL, at the price of lower levels
of CI. The “best” interval, having an ETL value of 0.99, close
to the maximum, is the degenerated one corresponding to the
mean of the distribution ([30], CI = 1%). Similarly high ETL
values are observed for intervals around u with CIs of 5%,
such as [29,33] (ETL=0.98). Wider intervals have higher CIs
but lower values of ETL: for instance [21,40] (CI = 20%) has
ETL 0.95, [10,49] (CI = 40%) has ETL 0.9, and intervals like
[1,90] (CI =90%) or similar have ETL around 0.75.

Figures[2]and[3|display the ETL values of all intervals in U .
The trade-off between expected truthlikeness and confidence
is clear, since only narrow intervals have high ETL values.
Wider intervals, corresponding to higher CI levels, tend to

Intervals (Uniform Distr.)

0.75

074

073

072

071

070

ETL Values

0.69

0.68

0.67

063

10 16.0 1.0 46.0 61.0 76.0 91.0
Universe

Figure 2: ETL values of all the intervals in U, represented as
yellow horizontal segments (the width corresponds to the CI).
A uniform probability distribution is assumed.

have lower ETL. However, narrow intervals in the tails of the
distributions have both low CI and ETL values.

This is in line with the theoretical interpretation proposed
here. Since truthlikeness is a mixture of accuracy and infor-
mativeness, only relatively narrow, i.e., highly informative,
intervals can have a high degree of ETL. However, this is
not enough. To maximize expected truthlikeness, an interval
needs not only to be informative, but also close to the prob-
able truth. This explains why, in Figure [3] narrow intervals
centered on the mean of the probability distribution maximize
expected truthlikeness. On the contrary, narrow intervals cen-
tered on values (like 100) very far from the most probable
truth minimize expected truthlikeness As for confidence
levels, these are maximized by very wide and uninformative
intervals, which however are bound to have average values of
ETL. Again, this is as expected: as[Popper pointed out
long ago, maximizing the probability of being correct, i.e., of
hitting on the truth, cannot be the only guide in our cognitive
choices. We aim not just at truths, but at informative truths,
and these are bound to have a low probability. By preferring
narrow intervals probably close to the truth, experimental par-
ticipants behave in a way consistent with Popper’s intuition.

5The same happens in Figure Here, however, since no cues is
available about the probable location of the truth, ETL is maximized
by simply choosing narrow intervals centered in the middle point
(50), thus minimizing the chances of hitting on values very far from
one of the extreme values in U.
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Intervals (Normal Distr.)

0.99
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0.84

0.81

077
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Figure 3: ETL values of all the intervals in U, represented
as yellow horizontal segments (the width corresponds to the
CI). Normal probability distribution with g = 30 and SD=1 is
assumed.

Discussion and conclusion

In this paper, we proposed a novel theoretical interpretation of
overconfidence (and overprecision in particular) based on the
notion of (expected) truthlikeness as studied in the philosophy
of science. Overprecision refers to the human tendency to
estimate unknown quantities with interval judgments which
are too precise (narrow) to be confidently accepted with high
probability of being correct. This robust phenomenon is usu-
ally interpreted as a bias, showing people’s overconfidence
in assessing their own ability to provide accurate judgments.
We suggested a different interpretation. According to truth-
likeness theory, for purely cognitive reasons, a rational agent
should prefer hypotheses and judgments that are both infor-
mative and close to the truth. In the present case, this trans-
lates in intervals that are narrow (and hence have a low prob-
ability of being true) and centered on the most probable truth.
The proposed interpretation is in line with previous models
like the one proposed by (Yaniv & Foster, [1995] [1997)), but
it is normatively motivated and non-ad hoc. Moreover, it can
in principle account for the available evidence about people’s
preference for precision in judgment, as shown by the com-
puter simulations above.

To be sure, much remains to be done to further test our in-
terpretation and to explore its limits and prospects. First, one
may explore how our interpretation deals with other cases of
overconfidence besides overprecision of interval judgments,
i.e., overestimation and overplacement. Second, further work
needs to be done at the theoretical level, to study the relations

between truthlikeness models (besides Tichy-Oddie’s average
measure) and the various models proposed by psychologists.

Third, our truthlikeness-based model should be empirically
tested. In this regard, our model may offer new, fruitful ideas
to enrich the standard experimental design of studies on over-
confidence, along three main directions. One concerns the
possibility of studying overprecision not just in the case of
numerical intervals, as currently done, but also in the propo-
sitional case, since truthlikeness theory rigorously defines the
information/accuracy trade-off for both intervals and state-
ments, offering also a way to translate between the two cases.
Another advantage of our model is making possible precise
normative predictions about more pairs of intervals or state-
ments than those currently studied (cf. Table[T). In particular,
the theory allows to unambiguously rank all possible combi-
nations of any kind of hypotheses, like true and informative,
true and uninformative, false and informative, false and unin-
formative ones, in terms of their informativeness and of their
overall closeness to the truth. Lastly, the distinction between
the logical and the epistemic problem of truthlikeness offers
a more rigorous way to explore the relative role of factors
relative to the logical features of competing hypotheses (i.e.,
information content and closeness to the truth) and of those
concerning their cognitive assessment (in terms of probability
and confidence). Overall, our TL-based model of overconfi-
dence promises to significantly enrich our way of studying
the information/accuracy trade-off in human reasoning under
uncertainty.

As a last comment on possible future work, if our model
is found to be promising both at the empirical and at the
theoretical level, we aim to explore further purported bi-
ases in human reasoning under uncertainty, like for instance
the conjunction fallacy (Tversky & Kahneman, 1983} [Festa,
Cevolani, & Crupi, |2011}/Cevolani & Crupi, [2022), the inclu-
sion fallacy (Osherson, Smith, Wilkie, Lopez, & Shafir,|1990;
Sloman & Lagnado} 2005)), and related empirical phenomena
which appear to crucially depend on the information/accuracy
trade-off. These are all venues for future research.
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