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The measurement of intelligence should identify and measure an indi-
vidual’s subjective confidence that a response to a test question is cor-
rect. Existing measures do not do that, nor do they use extrinsic finan-
cial incentive for truthful responses. We rectify both issues and show
that each matters for the measurement of intelligence, particularly
for women. Our results on gender and confidence in the face of risk
have wider applications in terms of the measurement of “competitive-
ness” and financial literacy. Contrary to received literature, women
aremore intelligent than men, compete when they should in risky set-
tings, and aremore literate.
Most measures of intelligence score responses to questions as either
right or wrong. If a test is to have any interesting discriminatory power,
it needs to include some questions that some individuals do not answer
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correctly. Incorrect answers reflect incorrect beliefs about the correct an-
swer, if we assume that individuals are motivated to respond truthfully.
We elicit the subjective beliefs of individuals over possible distributions
of answers to a popular measure of (fluid) intelligence. Belief distribu-
tions matter for the measurement of intelligence in populations, but
conventional scoring systems reflect only modal beliefs over discrete al-
ternatives. As a result, we argue that conventional scoring systems lead to
a mismeasure of intelligence, which can be corrected by ensuring that
they elicit the confidence of beliefs. A corollary of eliciting belief distri-
butions with incentives, providing controlled consequences for different
possible reports, is that we must also attend to the risk preferences of
individuals. In turn, a failure to attend to risk preferences in the face of
choices conditioned on subjective beliefs has led to a mismeasure of other
traits, such as “competitiveness.”
We consider the extent to which this mismeasure of the traits of intel-

ligence, competitiveness, and literacy changes the received thinking about
the role of gender. Our results are striking and lead us to conclude that
women process the confidence of their choices over risky responses better
thanmenwhen it comes to intelligence, noworse thanmenwhen it comes
to competitiveness, andmore consistently when it comes to literacy. More
generally, there are deeper reasons to be interested in the confidence with
which individuals make knowledge claims over risky choices in tests and in
life.
First, information on the modal belief, with no other information

about the subjective belief distribution to put the mode in context, can
misrepresent the knowledge claim of the individual. If the individual sub-
jectively perceives some risk in choosing one option over another, it does a
disservice to that perception to artifactually require it to masquerade as a
riskless option. We should, arguably, be interested in the individual’s risk
perception.Have they at least managed to rule out “obviously dominated”
options? Did the correct answer receive ε less subjective weight than the
modal belief or no weight?
Second, in most models of decision-making under risk, the properties

of the complete subjective belief distribution matter for decisions. Un-
der subjective expected utility, it is the weighted average belief that mat-
ters for risk preferences, not the modal belief (Savage 1972). And under
models of uncertainty or ambiguity aversion, the whole distribution typ-
ically matters (e.g., Klibanoff, Marinacci, andMukerji 2005). So the man-
ner in which intelligence translates into decisions depends, in general,
on the distribution of beliefs about correct answers just as much as it de-
pends on how the risks, uncertainties, or ambiguities are traded off.
Third, a subjective perception of “less than complete confidence” in

choosing oneoption over another neednot signal a deficit of intelligence,
in a broader sense, if it serves as a trigger for the individual to seek out
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some “cognitive scaffold” to help make a final decision. For now, think of
scaffolds in terms of aids to discrimination, such as arranging files in a
folder or counting on one’s fingers—in principle, things that Robinson
Crusoemight access (sec. IV.G provides a review of the origins of the con-
cept of scaffolding). We include language here, since it serves cognitive
functions going beyond communication (Bickerton 2014; Dennett 2017).
Naming something stabilizes it in memory and for reidentification. It is
an important question, for some, if one wants to call such enhanced ca-
pability “intelligence” or reserve that word for speed and power of pro-
cessing in the brain. We prefer the broader interpretation, following
Clark (2003). In any event, the availability of scaffolded responses may
be expected to influence the subjective beliefs of agents about responses
to questions on intelligence tests; our elicitation interface itself is a gen-
eral scaffolding treatment.
Fourth, for a social animal such as homo sapiens, the set of relevant

scaffolds extends to interactions with others. Obvious examples include
accessing the internet, consulting an expert, conversing with a partner, or
learning from a neighbor. Language is again a scaffold but a more power-
ful one: that a culture agrees on a name for something is highly informa-
tive (Dennett 2017; Planer and Sterelny 2021). Here we have an even
broader sense of the word “intelligence,” as collective and cultural, al-
though the choices we observe on the test are still literally those of an in-
dividual agent.
Fifth, culture makes social scaffolds differentially available and salient

to distinct demographic groups in populations. This is a crucial basis for
caution about findings that attribute observable differences in cognitively
mediated behavioral responses between genders and races, for example,
to inherent properties of these groups. Such simplistic and socially prob-
lematic inferences might be undermined by varying the salience of scaf-
folds in experiments and reassessing gender and race effects in light of
such experimental treatments. Our results provide a start at such reassess-
ment, with a focus on gender, and offer some surprising conclusions.
Finally, the importance of “cognitive skills” for earnings, inequality, and

other lifetime outcomes is well-documented, so there is a derived demand
for more fundamental measurement of one core cognitive skill—fluid
intelligence. Better measurement of cognitive skills in general should
contribute to the debate over the relative importance of cognitive and
noncognitive skills across the life cycle of individuals and households.1
1 Hanushek and Woessmann (2008) review a literature showing interactions between
the population distribution of cognitive skill levels and educational institutions. And
Heckman (2008) reviews a rich literature showing different interactions of cognitive and
noncognitive skills over the life-cycle of individuals, with significant implications for the im-
pact of early-childhood programs on lifetime outcomes.
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Moreover, this broader view of natural intelligence plays a critical part of
the evolutionary story of our species; see Harrison and Ross (2025).
Following Smith (1982, 931–38),2 we presume that financial incentives

can be made large enough to be salient for subjects and to dominate in-
centives they might have to try to do something other than provide their
most subjectively accurate response within the frames of questions. We
provide some additional empirical tests of this presumption, complement-
ing and confirming a wide range of findings that financial incentives do
matter, on average, for better performance in tests of this kind.3

However, our focus is not on the role of incentives in general, which
has been well-established across several literatures, but on the nature of
the incentives needed formeasures of intelligence to properly reflect con-
fidence in responses. We augment existing measurement methods for
measuring intelligence in order to capture a missing trait: self-awareness
of the degree of confidence one has in a knowledge claim and a willing-
ness to express that confidence.
The specific measure of intelligence we consider is the Raven Ad-

vanced Progressive Matrices (RAPM) test, documented by Raven, Raven,
and Court (1998).4 The primary component of this test is called set II;5 it
2 The five precepts proposed by Smith (1982) are nonsatiation in the reward, salience
(the reward varies in a known way with performance and actions by the agent), dominance,
privacy of rewards, and parallelism of laboratory results to field environments.

3 Borghans et al. (2008), Borghans, Meijers, and TerWeel (2008) Segal (2012), and Chen
et al. (2020) survey evidence on the role of incentives onmeasures of cognitive and noncog-
nitive ability, finding positive effects.

4 Although the Raven suite of problems is widely used to measure fluid intelligence, we
should not forget that it is just a constructed task. Heckman and Kautz (2012, 452) explain
this as follows:

Psychological traits are not directly observed. There is no ruler for perseverance,
no caliper for intelligence. All cognitive and personality traits are measured using
performance on “tasks,” broadly defined. Different tasks require different traits
in different combinations. Some distinguish between measurements of traits and
measurements of outcomes, but this distinction is misleading. Both traits and out-
comes are measured using performance on some task or set of tasks. Psychologists
sometimes claim to circumvent this measurement issue by creating taxonomies of
traits and by applying intuitive names to responses on questionnaires. These ques-
tionnaires are not windows to the soul. They are still rooted in task performance or
behavior. Responding to a questionnaire is itself a task.

Similarly, the history of science informs us that concepts of female or ethnic intellect have
often been constructed on shifting notions of what is determined to be the “nature” of the
individual with that gender or race; see, e.g., Daston (1992).

5 There is a set of 12 problems in the RAPM called set I, which are generally easier than
those in set II. The set I problems are often used as a fast, coarse measure of intelligence, to
determine whether the more discriminatory set II is needed for some subjects. One can
also use set I to allow subjects to learn the nature of the task, and all of our subjects had
completed set I in a prior experiment, as part of a series of hypothetical survey questions.
There are other versions of the Raven tests. The Raven Standard Progressive Matrices
(RSPM) test is for teenagers or less formally educated subjects (Raven, Raven, and Court
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consists of 36 problems illustrated by an isomorph shown in figure 1.6

Each problem consists of a block of nine images, arrayed as a 3�3 ma-
trix, with one image deleted. The subject is presented with eight possible
solutions to fill in the deleted image and is instructed to select the
FIG. 1.—Ravenlike problem.
2000), and the Raven Coloured Progressive Matrices test is for children or those with cog-
nitive limitations, e.g., dementia (Raven, Raven, and Court 1962). The research literature
on intelligence that uses these tests has focused on the RAPM and, to a lesser extent, the
RSPM.

6 It is inappropriate to display the actual test stimuli, to preserve test validity. The exam-
ple in fig. 1 is used in our instructions, and is from Carpenter, Just, and Shell (1990). More-
over, one must pay for access to the test, as is common with many psychological batteries.
There have been some efforts to write software to generate “Raven-like” problems that al-
low one to have an extended battery to select from, as well as avoid the fees for accessing
the commercial version of the test; see Matzen et al. (2010), Wang and Su (2015), and
Civelli and Deck (2018). And there are many instances in which “Raven-like” tests are de-
veloped and used, e.g., the eight questions developed by Borghans et al. (2009, 652) and
used “to measure IQ.”
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correct image. With minor modification of the original instructions, the
task presented in figure 1 is explained as follows:
7 We hav
8 For all

mance acro
9 Carpen

used in the
Only one of these pieces is perfectly correct. Pieces #2, #5, and
#8 complete the problem correctly going down, in the sense
that they have a square as the larger piece. Pieces #1, #4, and
#5 are correct going across, in the sense that they have the right
slope for the rectangle. Piece #5 is the correct bit, isn’t it? It is
correct going down as well as going across. So the answer is #5.
It is apparent that some possible answers are better than others, but only
one is completely correct. It is also apparent, even from this relatively
simple problem, that some possible answers can be eliminated relatively
quickly.
The original RAPM was administered in a “pen and paper” fashion,

with prepared answer sheets. The default version is untimed, in the sense
that the individual is allowed any amount of time to complete the test. In
practice, the test requires between 30 and 50 minutes to complete. There
is also a popular timed version, in which individuals are told that they
have only 40 minutes: this is often referred to as a test of “intellectual ef-
ficiency,” recognizing the trade-off with time. It is very rare that financial
incentives are offered, a point to which we return.
To orient discussion, consider the accuracy of responses in nonsalient

versions of the RAPM. By “nonsalient,” we mean where there are no re-
wards for better or worse performance. In our case, subjects were partici-
pating in an experimental session that had included salient rewards in a
prior, unrelated task and were told that they would receive $5 for complet-
ing the RAPM. In the usual psychology setting, it is common for students
of large introductory classes to be “required” to take these tests, whether
or not they are referred to later in the class pedagogy.7

Figure 2 displays the fraction of correct answers from 55 subjects re-
cruited from the Georgia State University (GSU) undergraduate popula-
tion, as well as subjects recruited from comparable populations by Ar-
thur and Day (1994) and Gignac (2018).8 The “progressive” nature of
problem difficulty is apparent from the decline in accuracy. Several non-
monotonic blips are evident and due to variations and interactions in
the rules used to solve theproblems and the use of slightly easier problems
to help individuals see the progression of rules.9 Our subjects generally
e ethical concerns with this practice, but that is a separate matter.
of the applications of the RAPM, there are very few tabulations of actual perfor-
ss the set of 36 (or 48) questions.
ter, Just, and Shell (1990, table 1, 431) provide a taxonomy of five types of rules
RAPM and list which combinations of rules apply in each problem.
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did worse on the first 25 problems. Our sample may well have been influ-
enced by the nature of the sample selection process we used: our subjects
were recruited toparticipate in experiments for financial rewards, andour
lab has a reputation for providing “generous” rewards.10 Although these
subjects had participated in a task that had salient rewards, they may have
reacted negatively to a task that offered “only” $5 for completion. For pur-
poses of comparison with the treatments with salient rewards for perfor-
mance, of course, this baseline is appropriate because the samples were
recruited identically and assigned at random to the treatments.
The point of figure 2, for our purposes, is to flag that the RAPM pro-

vides a standard intelligence test that takes most individuals from a po-
sition of being very confident that they know the correct answer, and be-
ing correct in that confidence, to a position of not being confident about
any correct answer. It therefore provides a gradual array of problems
from “easy” to “hard,” without a sharp discontinuity, at least at the aggre-
gate level shown in figure 2.
Our approach is to adapt this nonsalient intelligence test so that we

elicit subjective beliefs of individuals in a salient, incentivized manner,
FIG. 2.—Raven scores with no salient rewards.
10 For the experiments we conduct, spanning thousands of students over 10 years, we
regularly see earnings averaging roughly $30 for a 2-hour session (excluding participation
payment).
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in order to elicit and characterize the confidence that individuals have
in their responses. The basic idea was proposed long ago by de Finetti
(1965), Shuford, Arthur, and Massengill (1966), and Savage (1971). The
broader normative case for this approach was explained elegantly by Savage
(1971, 800):
Proper scoring rules hold forth promise as more sophisticated
ways of administering multiple-choice tests in certain educa-
tional situations. . . . The student is invited not merely to choose
one item (or possibly none) but to show in some way how his
opinion is distributed over the items, subject to a proper scor-
ing rule or a rough facsimile thereof. Although requiring more
student time per item, these methods should result in more dis-
crimination per item than ordinary multiple-choice tests, with a
possible net gain. Also they seem to open a wealth of opportu-
nities for the educational experimenter. Above all, the educa-
tional advantage of training people—possibly beginning in
early childhood—to assay the strengths of their own opinions
and to meet risk with judgment seems inestimable. The usual
tests and the language habits of our culture tend to promote
confusion between certainty and belief. They encourage both
the vice of acting and speaking as though we were certain when
we are only fairly sure and that of acting and speaking as though
the opinions we do have were worthwhile when they are not very
strong.
The passage of more than 50 years has not, it seems, diminished the need
to address the confusion and vices referred to.
Section I reviews the experimental design and theoretical basis for our

elicitation of belief distributions. We focus throughout on two experimen-
tal conditions: salient, incentivized responses in which the individual can
report only theirmodal belief and salient, incentivized responses in which
the individual can report degrees of confidence in their belief. We also
consider a treatment that deviates from the progressive presentation of
Raven problems in increasing difficulty to one in which the order of diffi-
culty is scrambled at random. This treatment allows us to identify the ef-
fect on performance of the scaffolding provided by the progressive order
of difficulty, as distinct from the underlying cognitive challenge of each
Raven problem considered in isolation.
Section II reviews the results from our experiments on the measure-

ment of intelligence, which focus on the effect of salient incentives and
on the interaction of incentives with the confidence of subjects. When
confidence is taken into account, we explain why it is natural to consider
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performance in terms of a concept familiar to economists—earnings effi-
ciency, rather than raw accuracy. We flag one striking demographic result,
that women and Blacks do much better when allowed to report their full
distribution of beliefs rather than being constrained to report only their
modal beliefs. These results overturn long-standing claims than women
and Blacks do poorly onmeasurements of intelligence, simply by expand-
ing themeasurement to appropriately incentivize reports of confidence in
responses. We expand extensively on the finding with respect to gender
effects later, partly by reference to an experimental extension we admin-
istered. Deeper follow-up on the result concerning race effects is warranted
but left for future work. Finally, we demonstrate that there is a significant
welfare cost to the respondent from being forced to treat her modal belief
as if it were her only belief, held with certainty, about some risky set of alter-
natives. In effect, the measurement of performance in terms of expected
welfare generalizes the measurement of intelligence in terms of earnings
efficiency, by allowing for the risk preferences of agents making risky, con-
sequential reports about their beliefs.
Section III considers our striking result from section II about the su-

periority of women with the correct measurement of fluid intelligence
and examines how general it is in two well-studied applications: measures
of the “competitiveness” of women and measures of the financial literacy
of women. In each case, there are claims that women exhibit insufficient
confidence in their behavior, and we show that this conclusion is again
due to measurement using interim, observable performance metrics that
have nothing to do with welfare when facing risk.
Section IV considers a number of extensions of our approach, related

literature, and open issues. We examine the connection between tests
designed tomeasure traits and tests used formore traditional educational
purposes. A related concern is the relationship to achievement tests that
have social implications. The nature of intrinsic motivation, which may
be related to the underlying mechanism driving the gender effects we ob-
serve, is reviewed.We also discuss different ways in which subjective beliefs
may be elicited and the trade-offs of using one method or the other. Var-
iousmetrics have been proposed for the ex post evaluation of beliefs, such
as the notion of “calibration,” and we relate those metrics to the ones we
adopt.Normative implications of our approach are considered. Finally, we
review the history of the concept of scaffolding, which plays a central or-
ganizing role in our approach.
Section V draws general conclusions, with a normative emphasis. Our

conclusions on gender and confidence provide striking contrasts to re-
ceived claims and sharply reorient the way in which gender should be eval-
uated in a wide range of domains. However, as important and urgent as
the implications for gender are, we argue that there are broader norma-
tive implications.
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I. Experimental Design

A. Eliciting Beliefs
We use a quadratic scoring rule (QSR) to elicit properly incentivized sub-
jective belief distributions for probability mass functions defined over
the eight alternative solutions for each RAPM problem, such as shown
in figure 1. The QSR provides financial incentives for individuals to re-
port beliefs, with theoretical properties discussed in Harrison et al.
(2017).11 There are alternative methods for eliciting subjective beliefs
distributions; the specific method used to elicit beliefs is not central to
our methodological point, although of course it matters for the specific
results.12

Figures 3 and 4 illustrate the interface used for elicitation. On the left
is the usual Raven stimulus, with the possible solutions displayed. On the
right is a bar chart showing the eight possible solutions, allowing the in-
dividual to allocate 80 tokens across the eight solution “bins.” The initial
allocation, shown in the top panel of figure 3, is for zero tokens to be al-
located to all bins. The individual moves the slider for each bin to allo-
cate tokens to that bin, and as they are moved, the QSR payoffs (shown
graphically by the height of each bar and numerically by a monetary
amount above each bar) are instantaneously updated. These payoffs show
the earnings that would be received for a given bin if that bin corresponds
with the correct answer to the RAPM question. Only when all 80 tokens
are allocated can the subject confirm and move on to the next question,
and the subject may freely reallocate tokens for a given question before
confirming. By allowing conditional QSR payout values to be observed in-
teractively in real time during the decision process, wemake the QSR pay-
ment logic more transparent for subjects; this is in contrast with QSR ap-
plications in many prior experiments.13 We do allow individuals to return
11 McDaniel and Rutström (2001) is a significant precursor. They considered the Tower
of Hanoi puzzle, which is a staple of the Montessori classroom as a task that allows the stu-
dent to learn about backward induction. Apart from providing financial incentives for bet-
ter performance, measured in terms of the least number of moves required to solve the
puzzle and time taken, they elicited subjective beliefs over the least number of moves
needed. Their elicitation method used 10 intervals evenly spread between 0 and 100 moves
and used a quadratic scoring rule for each interval. Hence, subjects were paid for 10 elic-
itations of a binary outcome (e.g., the true solution is between 31 and 40 moves), not one
elicitation of the complete probability mass function over all possible outcomes. They also
implicitly assumed that subjects were risk-neutral when drawing inferences about beliefs
from reported allocations; Andersen et al. (2014a) show that this assumption can be prob-
lematic for the incentivized elicitation of probabilities over a binary event.

12 A review of alternative approaches is provided in sec. IV.D.
13 It is tempting to use the QSR and not provide subjects with real-time earnings feed-

back. Subjects might just be assumed to correctly understand the relatively complex
QSR formula, trust the experimenter by way of instructions along the lines of “it is in your
best interest to state your true beliefs,” or to use static lookup tables, as in McKelvey and
Page (1990, 1336) and Rutström and Wilcox (2009, 620). We regard these alternatives
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to a previously completed question and reallocate tokens, and only the
final allocation for each question applies for earnings. The bottom panel
of figure 3 shows a situation of complete confidence, where all 80 tokens
are allocated to the correct answer, option 5.
Earnings accrue for each and every completed question, although

the individual is not provided with any earnings information until all
36 problems have been completed and a confirmation is provided that
FIG. 3.—Belief elicitation interface with initial display and a completely correct response.
as being inferior to real-time appreciation of the salient rewards at play in QSR belief elic-
itation when contemplating alternative possible reports.
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there are no reallocations to be made. An exception occurs if the time
limit is reached, in which case the individual knows that she would re-
ceive zero earnings for any question for which she has not submitted a
token allocation.
The incentives shown in figures 3 and 4 imply that an individual would

receive $2 if all 80 tokens were allocated to the correct answer, as shown
in the bottom panel of figure 3. Possible “nondegenerate” allocations
are shown in figure 4. The top panel of figure 4 shows a possible re-
sponse to reflect this situation, as explained in the instructions:
If you had decided that the correct answer was one of #2, #4, #5,
or #8, but had not decided that #5 was actually the correct an-
swer of these four possibilities, you might decide to allocate
FIG. 4.—Belief elicitation interface with two possible displays of confidence.
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your tokens equally across the bars representing pieces #2, #4,
#5, and #8 like this. . . .
Hence, the subject in this case has eliminated token assignment to pos-
sible answers that are less likely but not yet determined that only one of
the possible answers is correct.
The bottom panel of figure 4 is important, because it reflects the op-

timal response if an individual has no clue which of the possible solu-
tions might be correct. It also reflects an optimal response if the individ-
ual has some cautious apprehension that one or more possible solutions
might be more likely but is too risk averse to want to allocate tokens that
vary the payoffs over the eight possible solutions. If the subject allocates
10 tokens to each of the eight bins, then earnings are guaranteed to be
$1.13 no matter what the correct solution is.
B. Treatments
We conduct a total of five treatments across subjects for our primary ex-
periments on fluid intelligence and confidence, summarized in panel A
of table 1. In the baseline treatment, the RAPM task is presented in the
traditional manner: as a nonsalient, noncomputerized pen-and-paper
task using the traditional printed test booklet and response sheet. Sub-
ject responses were typical multiple-choice format, and the QSR was
not used. Subjects received $5 for completing the task, in addition to
the general participation payment of $7. A total of 55 subjects partici-
pated in this treatment. The sole purpose of this treatment is to establish
TABLE 1
Experimental Treatments

Treatment
Presentation
of Questions

Sample
Size Response Format

Maximum Reward
per Question ($)

A. Fluid Intelligence, Confidence, and Scaffolds (secs. II and III)

Baseline (traditional) Progressive 55 No QSR; pen and
paper

0

One Token Progressive Progressive 95 QSR; software 2
80 Tokens Progressive Progressive 82 QSR; software 2
One Token Scrambled Scrambled 67 QSR; software 2
80 Tokens Scrambled Scrambled 61 QSR; software 2

B. Competitiveness, Confidence, and Welfare (sec. IV.A)

One Token Piece Rate Scrambled 43 QSR; software 2
One Token Tournament Scrambled 43 QSR; software 8
One Token Select Scrambled 43 QSR; software 2 or 8
80 Tokens Piece Rate Scrambled 45 QSR; software 2
80 Tokens Tournament Scrambled 45 QSR; software 8
80 Tokens Select Scrambled 45 QSR; software 2 or 8
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rough comparability to the traditional implementation of the Raven
task.
The remaining four treatments in panel A of table 1 were computer-

ized, and all computerized treatments were incentivized. One key treat-
ment is whether the order of the questions for subjects was in the orig-
inal progressive order of the RAPM or was scrambled at random. In the
One Token Progressive and One Token Scrambled treatments, we give
subjects only one token to allocate for each question. This token should
optimally be allocated to themodal belief of the subject about the chances
of the various answers being correct. The rationale for theOneTokenPro-
gressive treatment is to have a computerizedQSR treatment closely consis-
tent with the baseline treatment, which constrains responses to just one
answer in the traditional multiple-choice manner. In the 80 Tokens Pro-
gressive and 80 Tokens Scrambled treatments, we give subjects 80 tokens
to allocate for each question. In all other aspects, the 80 Tokens Progres-
sive and One Token Progressive treatments are identical, as are the 80 To-
kens Scrambled and One Token Scrambled treatments. Each question
is worth a maximum of $2, resulting in maximum possible earnings of
$72 for the task. A total of 95, 92, 67, and 61 subjects participated in the
One Token Progressive, 80 Tokens Progressive, One Token Scrambled,
and 80 Tokens Scrambled treatments, respectively.
In general, we allow subjects 90 minutes to complete the RAPM but

refer to this as untimed. The exact language used in the instructions
was as follows: “You can have as much time as you want, although we have
to be out of the room in 90 minutes.” In practice, implementations of
the RAPM in the literature that claim to have no time constraint proba-
bly have some such constraint, and we just wanted to be explicit about it.
Only six subjects came within 5 minutes of that constraint, and the aver-
age time taken was only 45 minutes.14

One of our core findings from the primary experiments on fluid intel-
ligence and confidence is that women perform much better than men
when we measure intelligence with confidence, compared with tradi-
tional measurements that do not reflect confidence. We explore the gen-
erality of this important finding in a series of secondary experiments in
section IV. One of these generalizations evaluates the claim that women
“shy away” from competition when earnings are risky, and the other gen-
eralization evaluates the claim that women lack confidence when re-
sponding “do not know” to questions measuring financial literacy. Panel B
of table 1 shows six treatments in which we reuse the Raven task as the
14 In app. D (apps. A–D are available online), we report results from a pilot experiment
in which we constrained subjects to have only 40 minutes for the 80 tokens task. There are
no significant effects on performance, although suggestions that there might be significant
effects for some demographic variables, e.g., gender.
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basis for evaluating the claims about competition. The first three treat-
ments—OneToken Piece Rate, One Token Tournament, andOne Token
Select—are within-subject treatments in which the subject answers up to
12 scrambled Raven questions with specific payment rules and only one
token to allocate. The last three treatments—80 Tokens Piece Rate, 80 To-
kens Tournament, and 80 Tokens Select—are also within-subject treat-
ments in which the subject answers up to 12 scrambled Raven questions
with specific payment rules and 80 tokens to allocate. Subjects faced a
10-minute time constraint in all of these treatments, which are explained
in section III.A.
II. Intelligence, Confidence, and Scaffolds
All subjects participated in sessions conducted in the ExCEN laboratory at
Georgia State University during 2019 and 2022.15 Subjects were recruited
via email that contained no information about the task or expected earn-
ings and were assigned randomly to treatments. Each subject received a
participation payment of $7 in addition to task-specific earnings.
On arrival at the lab, subjects completed the Institutional Review

Board (IRB) consent process and then received task instructions in both
audio-video and print formats. By presenting the instructions with a pre-
recorded video, we minimize the amount of live speech during the ses-
sion and better control for potential variation in spoken instructions
across sessions. We exactly aligned the printed instructions with the video
instructions and provided this alternative format for any participants who
would rather read than watch instructions. Appendix A (apps. A–D are
available online) contains printed instructions for all treatments.16

All subjects belonged to an IRB-approved panel that permits us to link
responses across studies. Our 2019 subjects had participated in a prior
experiment on an earlier date in which they completed a set of binary
lottery choices, demographics, and the 12 questions from set I of the
RAPM.17 Our 2022 subjects undertook all tasks in the same session.
For convenience, we treat the reported token allocations as reflecting

the subjective beliefs of the individual. This assumption is well-known to
be true if the individual is risk neutral but also happens to be approxi-
mately true if the individual behaves consistently with expectedutility theory
(EUT) and has levels of risk aversion in the range normally found in labora-
tory experiments.18 It is also literally true formost of the token allocations we
15 There was a disruption in our ability to conduct in-person experiments in 2020 and
2021 due to the COVID-19 pandemic.

16 Video instructions are available at https://cear.gsu.edu/gwh/raven/.
17 For completedetails of this prior experiment, seeHarrison,Morsink, andSchneider (2022).
18 This last theoretical result is established by Harrison et al. (2017). Essentially, risk-

averse EUT subjects provide reports that are flattened with respect to their true beliefs,

https://cear.gsu.edu/gwh/raven/
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observe in this instance, even when it is not true in general for belief elicita-
tion. When the individual allocates all tokens to one answer, as many do for
the early, easier questions in the RAPM, reports are beliefs. Similarly, when
the individual reports a fully diffuse allocation of 10 tokens for each possible
answer, as most do for the later, harder questions in the RAPM, reports are
beliefs. And whenever the same number of tokens is allocated to two or
more answers that receive any token allocations and zero to all others, risk
preferences again literally play no role and reports are beliefs. It also follows
that (plausible) risk preferences cannot matter significantly for allocations
that approximately match these cases. The only stage when risk preferences
might matter is the in-between cases where tokens are assigned sufficiently
nonuniformly to some answers.19

At an aggregate level, pooling over the 36 questions for each individ-
ual, we are interested in accuracy and (earnings) efficiency. When some-
one must select only one option, accuracy is measured solely by the frac-
tion of problems answered correctly. When degrees of confidence can be
reported, this measure generalizes naturally to the fraction of tokens al-
located to the correct answers. The concept of efficiency has long been
used by experimental economists to measure the share of earnings that a
subject realized divided by the earnings that could have been realized if
all tokens had been allocated to the correct answer. In turn, earnings are
defined by the reported QSR payoffs for the final token allocation sub-
mitted by a subject, which of course the subject saw, as illustrated in fig-
ures 3 and 4.
The reported QSR payoffs are directly linked to the QSR score itself.

Let the decision-maker report her subjective beliefs in a discrete version
of a QSR for continuous distributions. Partition the domain into K inter-
vals, and denote as rk the report of the likelihood that the event falls in
interval k 5 1, ... , K. Assume for the moment that the decision-maker is
risk neutral and that the full report consists of a series of reports for each
interval { r1, r2, ... , rk , ... , rK } such that rk ≥ 0  8 k and Σi 5 1,K(ri) 5 1. If k is
the interval in which the actual value lies, then the payoff score is defined by
Matheson andWinkler (1976, 1088, eq. [6]): S 5 (2 � rk) 2 Σi51,K(ri)

2. So
the reward in the score is a doubling of the report allocated to the true in-
terval, and the penalty depends on how these reports are distributed
across the K intervals. The subject is rewarded for accuracy, but if that ac-
curacymisses the true interval, the punishment is severe. The punishment
so as to reduce variability over possible outcomes with positive subjective probability. This is
a second-order adjustment in reports compared with the first-order adjustment in the bi-
nary case, where risk-averse individuals provide reports closer to one-half so as to reduce
variability over the two possible outcomes.

19 See Harrison et al. (2017) for formal statements of these intuitive results and figs. 8
and 9 for numerous examples from actual data.
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includes all possible reports, including the correct one.20 To ensure com-
plete generality and avoid any decision-maker facing losses, allow someen-
dowment, a, and scaling of the score, b. We then get the following scoring
rule for each report in interval k that was actually used in our experiments,
a 1 b½(2 � rk) 2 Σi51,K(ri)

2�, where the QSR payoff score S had assumed
a 5 0 and b 5 1. We can specify a > 0 and b > 0 to get the payoffs to
any positive level and units we want. Hence, our use of the efficiency met-
ric, based on expected earnings from the QSR, is monotonically linked to
the QSR score itself.
A. The Effects of Incentives for Accuracy and Confidence
The first result displayed in figure 5 is that providing financial incentives
significantly improves accuracy. The cleanest example here is to compare
the baseline and One Token Progressive conditions, since subjects were
forced to report their modal beliefs in both cases. Accuracy in the finan-
cially motivated test was 14.2 percentage points higher (p-value < :001).21

We are here assuming that moving from the pen-and-paper version of
the task to a computerized version has no effect on performance, at least
with respect to accuracy. There have been several studies examining the
effect of pen-and-paper versus computerized versions of the same test, al-
though only a few controlling formeasures of pretest ability. The available
evidence suggests no differences in performance for students at a univer-
sity level.22
20 Take some examples, assuming K 5 4. What if the subject has very tight subjective be-
liefs and allocates all of the weight to the correct interval? Then the score is S 5
(2 � 1)2 (12 1  02 1  02 1  02) 5 2 2 1 5 1, and this is positive. But if the subject has
tight subjective beliefs that are wrong, the score is S 5 (2 � 0)2 (12 1 02 1 02 1 02) 5
0 2 1 5 21, and the score is negative. So we see that this score would have to include
some additional “endowment” to ensure that the earnings are positive. Assuming that
the subject has very diffuse subjective beliefs and allocates 25% of the weight to each inter-
val, the score is less than 1: S 5 (2 � ½1=4�)2 (½1=4�2 1 ½1=4�2 1 ½1=4�2 1 ½1=4�2) 5 (1=2)2
(1=4) 5 (1=4) < 1. So the trade-off from the last case is that one can always ensure a score
of one-quarter, but there is an incentive to provide less diffuse reports, and that incentive is
the possibility of a score of 1.

21 All estimates are from fractional regression models and reflect average marginal ef-
fects. Unless otherwise stated, demographic controls are included because of variations
in demographics across sessions and the fact that demographics affect performance, as
we discuss later. We include controls for gender, age in years above 18, whether one self-
declares as Black, whether one has a business major, whether one declares no religious
affiliation (referred to by us as “Atheist”), and employment status. The classification
“Black” refers to someone, resident in the United States, who self-reports “Black or African
American” or “African” in response to the question, “Which of the following categories
best describes you?” We report exact p-values.

22 Karay et al. (2015) find comparable performance among advanced undergraduates,
although there were differences in the time taken (less time on the computer) and the
way in which poor-performing individuals made their mistakes (more random guesses
on the computer). Hardcastle, Hermann-Abell, and DeBoer (2017) find no differences
for high school students but significant differences for elementary school students and
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Previous literature from psychology on the role of financial effects for
the Raven task is surveyed by Gignac (2018). It does not view incentives,
let alone financial incentives, the way that economists do. The older lit-
erature often relied on self-reported effort levels as a proxy for incentives
to do well. And when financial rewards were used, they were always non-
salient: a small, fixedmonetary amount for taking the test, irrespective of
performance. A deeper presumption in the psychology literature is that
expressions and productions of intelligence should be viewed as unaf-
fected by rewards, whether intrinsic or extrinsic. We prefer to let data de-
cide that simple question, rather than assume it.
Our result about the average effect of financial incentives comple-

ments the finding by Segal (2012) from a within-subject test using a
coded speed test employed in the Armed Forces Qualifying Test, which
gained notoriety as ameasure of IQdue toHerrnstein andMurray (1994).
Although this test is not a measure of fluid intelligence, as the term is nor-
mally used, it does measure the application of some cognitive abilities, as
well as plain effort.23 Her experimental design ingeniously allowed the
FIG. 5.—Average accuracy and incentives with progressive Raven problems. Accuracy is
measured by the percent of tokens allocated to the correct answer. Beliefs are assumed to
be the same as elicited reports.
modest differences for middle school students. Although gender had no effect on the com-
parison, having English as a primary language did make some difference.

23 There has been some unfortunate association of these “speed tests” with fluid intelli-
gence in the economics literature. Heckman (1995, 1105) quotes Carroll (1993) as con-
cluding that “there are three important sorts of cognitive abilities corresponding to fluid
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separation of pure learning effects, due to repetition of the task three
times, from the effects of salient incentives. And the within-subjects design
allows her to metaphorically identify “Boy Scouts,” who apply the same
level of effort when told that it is a “test” as they do when provided
piece-rate rewards for accuracy, and “Economists,” who are motivated to
apply effort only when there are explicit financial rewards. The average ef-
fect she identifies from financial incentives reflects the impact on the sub-
sample of Economists.
The second result from figure 5, and perhaps something of a surprise,

is that accuracy appears to be about the same when individuals are con-
strained to report their modal beliefs. In fact, accuracy is 3.7 percentage
points higher when individuals are constrained to just report their mo-
dal belief, but this effect is not statistically significantly different from
zero (p-value 5 :25). We did undertake a pilot experiment in which
we progressively increased incentives for harder problems and observed
statistically significant effects of incentives on accuracy in that case.24 We
say that the results in figure 5 may be a surprise, since our priors as econ-
omists tell us that constrained optimization should never generate better
performance than unconstrained optimization.
Indeed, our priors are not violated if one looks at the right metric: in

our incentivized setting, it is earnings that motivate, not accuracy as de-
fined here. From figure 6, we see our third result, that earnings efficiency
is indeed higher when individuals are not constrained to report their
modal beliefs. The effect on earnings efficiency of the 80 Tokens Pro-
gressive condition compared with the One Token Progressive condition
is 17.5 percentage points (p-value 5 :026). The bulk of the difference
in earnings arises in the last dozen or so questions, where modal beliefs
with high subjective probability of being true are scarce, but the One
Token Progressive condition requires participants to report a modal be-
lief. This result is exactly parallel to the familiar point in econometrics
to explain why we care about likelihood values rather than “hit rates”
when estimating (parametric) binary choice models: some mistakes mat-
ter more than others in terms of the metric that counts. Figure 6 shows,
intelligence (ability to solve problems quickly), crystallized intelligence (the ability to draw
on old solutions to address new problems), and spatial and mechanical ability.” This is in-
correct: fluid intelligence has to do with the ability to solve novel problems. In fact, and
most clearly in Carroll (1997), “general intelligence,” called the g factor, is defined in terms
of eight broad abilities: fluid intelligence, crystallized intelligence, general memory and
learning, visual perception, auditory perception, retrieval ability, cognitive speediness, and
processing speed.

24 In app. D, we report results from the pilot experiment. We increased the earnings for
allocating all 80 tokens to the correct solution from the default $2 for all questions to $2 for
questions 1–12, $3 for questions 13–24, and $5 for questions 25–36. This increased poten-
tial aggregate earnings from $72 up to $120. There is a general improvement in accuracy
and efficiency and marked improvements for Blacks and females.
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by the horizontal dashed line, that a uniform report in the 80 Tokens Pro-
gressive condition generated an efficiency level of 56.5%.
B. Gender Effects
The fourth set of results have to do with demographic effects and, spe-
cifically, gender effects. Figure 7 displays these effects for accuracy and
efficiency. These are average marginal effects, a point worth stressing
since most previous research on gender and race effects has only looked
at total effects. Both type of effect are valid, well-defined, and answer im-
portant questions, but they answer different questions.
The horizontal axes of figure 7 show the percentage point change in

accuracy and efficiency, which themselves are measured as percentages.
The horizontal lines, one for each demographic, show the point esti-
mate and 95% confidence interval on that estimate.
We focus on the effects of demographics on accuracy first, in figure 7A.

In the baseline condition, two effects stand out: the poorer performance
of women and the significantly better performance of atheists. Notably,
there is no significant effect for Blacks.
In figure 7B and figure 7C, we show the effect of the treatment condi-

tion on the accuracy or efficiency associated with each demographic. In
FIG. 6.—Average efficiency with progressive Raven problems. Efficiency is measured by
the percent of realized earnings compared with maximum possible earnings. A uniform
token allocation ensures earnings of $1.13 and efficiency of 56.5%. Beliefs are assumed
to be the same as elicited reports.
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figure 7B, we continue to study accuracy and show the estimated effect
from moving from the baseline condition to the One Token Progressive
condition. Setting aside the computerization in the One Token Progres-
sive condition, the treatment difference is the provision of financial in-
centives. When we add financial incentives but continue to constrain re-
sponses explicitly to the modal belief, we observe an improvement in
accuracy for females, but it is not statistically significant at conventional
levels. These results alert us to be wary of inferences about fluid intelli-
gence with respect to gender and race that are based on measurements
that rely on the hope that so-called intrinsic rewards exclusively motivate
everyone participating in “intelligence tests.” It bears stating clearly that
this caution applies to a very large literature.
When we incentivize subjects to explicitly express their confidence, in

the 80 Tokens Progressive condition, we observe that women do better
than men, and Blacks do better than others. We also find that business
majors do better, and those who work part-time or full-time do better.
Figure 7C shows these effects on efficiency, comparing the 80 Tokens
Progressive condition with the One Token Progressive condition. In this
instance, compared with figure 7B, it is not just the use of financial in-
centives that matters but the ability to express confidence of belief.
FIG. 7.—Effects of demographics with progressive Raven problems. All results used the
original progressive order of the Raven problems. Average marginal effects are from frac-
tional regression.
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Evans (2012) coined the notion of “risk intelligence” to capture the
awareness of individuals of their nonextreme subjective beliefs and their
willingness to express and act on them.25 We do not seek to generalize
beyond the population from which our sample was drawn, but the gen-
der and race results are important.
In terms of accuracy, the first major review of gender differences in the

Raven tests was by Court (1983). He concluded that there were no dis-
cernible differences, and this conclusion has been widely repeated in
later references. However, Lynn and Irwing (2004) carefully note many
limitations of the meta-analysis by Court (1983), not least that it was not
based on any quantitative assessment of the evidence. They also offer
their own meta-analysis, using more conventional measures and a more
exhaustive literature review. They conclude that an advantage for males
begins around the age of 15, and for adults 20 and over, it appears to be
stable until the age of 79 at 10.33d, to use the conventional measure of
“mean effects” in the psychology literature, Cohen’s d.26 The 95% confi-
dence intervals on this estimate are between10.28 and10.37, reflecting
pooled samples of 5,180 males and 4,451 females. We stress that these
are total effects, not marginal effects after considering the effects of
other demographics.
Our major insight is that women and Blacks benefit from having clear

incentives and being able to explicitly express their confidence that
some proposed solution is correct. We demonstrate that measurement
tools that fail to facilitate incentivized expressions of confidence mis-
characterize their fluid intelligence. The effects of allowing expressions
of confidence are not at all a matter of women and Blacks being insuffi-
ciently confident as the problems become harder, but knowing when to
express the appropriate level of confidence.27 We stress the word “ex-
press,” since someone might know that they are unsure but fail to be mo-
tivated to say so. Our design picks up both effects: knowing that one is
25 His measure of risk intelligence used 50 hypothetical true/false survey questions
(Evans 2012, app. 1).

26 Cohen’s d is just the difference in the averages for men and women, divided by the
pooled sample standard deviation. Conventionally in this literature, a positive d is associ-
ated with better performance by men. The measures calculated by Lynn and Irwing
(2004, table 2, 490) actually report corrected estimates of d and their 95% confidence
intervals.

27 We only ever use the expression “overconfidence” to refer to excessive certainty about
the accuracy of one’s belief. Harrison and Swarthout (2025) elicit subjective belief distri-
butions about induced posterior distributions from observations of a sampling process
and can therefore measure “appropriate” confidence with that Bayesianmetric. Using sam-
ples from the same population considered here, they find general evidence for insufficient
confidence, appropriate confidence, overconfidence, and overconfidence compared with
the Bayesian metric after 1, 2, 3, and 4 rounds of accumulating data, respectively. Hence,
evidence for overconfidence, in the sense that we use the expression here, can depend on
what stage of Bayesian updating is being evaluated.



intelligence, competitiveness, and literacy 687
unsure and being prepared to say so. Hence, extrinsic incentives mat-
ter, as well as having a measurement tool that allows subjects to report
confidence.
There is some value in examining the processes at work when subjects

respond to the progressively more difficult problems and express their
confidence in the correct answer. Figure 8 displays the allocation of to-
kens across all 36 RAPM problems, pooled over individuals in the 80 To-
kens Progressive condition. We can readily identify at least three distinct
phases of perceptions of the correct answer in the RAPM. One is a clear
subjective sense of being able to identify the single correct answer with
some high probability. The second is a subjective realization that these
problems are becoming harder and that although there may be one sin-
gle correct answer, and some possible answers are clearly wrong, it is not
possible to state with much confidence which is the correct answer. The
third is a subjective resignation that these problems are too hard and
that it not even possible to identify some possible answers that are clearly
wrong. In each case, we refer to the subjective sense, the subjective real-
ization, and the subjective resignation: these are characterizations of the
reports we observed, not of the validity of the subjective beliefs.
Figure 9 illustrates these distinct types of responses for Raven question 20,

an ideal stage in terms of the progressive difficulty of the battery starting
to bite. The token allocations for each of the first 20 individuals are dis-
played, and the overall pattern is clear. The top row alone shows one sub-
ject, number 2, who allocated all 80 tokens to the correct answer; one
subject, number 1, who was overconfident with respect to a wrong answer,
allocating all 80 tokens to answer 2; one subject, number 5, who had bi-
modal beliefs and allocated 40 tokens to each of two answers, one of which
was correct; and two subjects, numbers 3 and 4, who reported completely
diffuse beliefs.
Figure 10A provides a descriptive classification of the time trends of

three types of allocation. One is a Certain allocation of all 80 tokens to
one solution, whether or not it is the correct solution. Another is aDiffuse
allocation of 10 tokens to each of the eight possible solutions. And the
Unsure allocation is anything in-between the two extremes of Certain
and Diffuse. As the share of beliefs that are Certain declines, there is a
roughly equal increase in the other two types until the final 10 questions,
at which point the Diffuse type dominates.
This variation in the type of allocation, when subjective confidence

can reasonably vary from problem to problem, is important for perfor-
mance on the RAPM. In other words, a key feature of good performance
on the incentivized RAPM is “to know when to hold ’em and know when
to fold ’em,” referring colloquially to the skill of a successful poker player
knowing when to stay in or drop out of a hand. Statistical analyses of the
between-subjects determinants of better efficiency in the 80 Tokens
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FIG. 9.—Allocation of tokens in Raven question 20. Incentivized responses in the 80 To-
kens Progressive condition. The correct answer is 8.
FIG. 10.—Time trends of time for response and for type of response.
689
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Progressive condition compared with the One Token Progressive condi-
tion confirm that we see significant differences in the application of this
skill across gender and race, for example. Althoughonemight be tempted
to view this as a (valuable) meta-cognitive skill, we view it as a core part of
cognition and intelligence itself when faced with risks.
A related observation concerns the amount of time spent on each

question. Figure 10B demonstrates the effect of incentive structure on
the use of this input to the cognitive production process. Roughly two-
thirds of the way into the set of progressively harder questions, subjects
in the 80 Tokens Progressive condition significantly and steadily reduced
their time allocation, consistent in figure 10A with increased use of the
Diffuse allocation. On the other hand, and by comparison, figure 10B
shows greater use of time in the One Token Progressive condition until
much further into the set of harder questions. In this financial setting,
the Diffuse allocation option is not available, and the rewards were then
“all or nothing.”28 This pattern of responsiveness to time is evidence that
subjects responded to incentives to report confidence in the manner an-
ticipated by our design.
C. The Cognitive Scaffold of Progression
The discussion of striking gender and race effects in our standard presen-
tation of the Raven Progressive Matrices task points to three dimensions
of cognitive performance, suggested by our prior discussion of the tempo-
ral phases of deliberations. One dimension is the intrinsic difficulty of
solving any one of the 36 problems, taken alone. A second dimension is
the willingness to report imprecision of beliefs about the correct solution.
And the third dimension is that the problems are presented in an ordered
sequence, from easiest to hardest, and the evidence from accuracy and ef-
ficiency reflects this general pattern, as seen immediately in figures 5 and
6. In effect, the progressive presentation of problems could serve as a valid
clue to cognition, quite apart from the first two dimensions of perfor-
mance. It is perfectly natural that someone would exploit such a cognitive
28 The patterns in fig. 6 and fig. 10 allow one to draw inferences about earnings per min-
ute of time allocated to each question. Although fig. 6 shows realized earnings normalized
by maximum earnings, those maximum earnings were the same across the One Token Pro-
gressive and 80 Tokens Progressive treatments, so efficiency is just a normalization of earn-
ings. Earnings per minute in the One Token Progressive treatment were actually slightly
larger than in the 80 Tokens Progressive treatment for the first third of questions. Of
course, for risk-averse individuals, a slightly higher average earning is not per se attractive
since it came with a much higher standard deviation of earnings. Then, in the middle third
of questions, the average earnings per minute of the 80 Token Progressive treatment steadily
became greater than for the One Token Progressive treatment. And this difference increased
significantly for the last third of questions, reflecting the differential time allocations shown
in fig. 10 for these questions.
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scaffold, but clearly one would like to have a measure of fluid intelligence
that did not assume that life’s cognitive challenges are neatly arrayed from
easiest to hardest.
An obvious implication of this concern is to evaluate performance in a

scrambled version of the Raven task. The presentation and incentives are
the same, with some obvious changes.29 The attractive feature of this var-
iant of the Raven task is that the individual should, ideally, engage in
some meta-cognitive effort to identify the difficulty of the task, problem
by problem. The difficulty of solving problem t in this variant provides no
added information about the difficulty of solving problem t 1 1, other
than insight into one own’s ability to solve this general class of problems.
Figure 11 shows the results of applying this scrambled variant in the

One Token Scrambled and 80 Tokens Scrambled treatments. We focus
on efficiency; results on accuracy show a predictable drop compared
with the standard progressive presentation. Figure 11 shows the same
qualitative path as figure 6, with average performance arrayed by question
in the original progressive order. Efficiency in the 80 Tokens scrambled
treatment again converges on the diffuse report shownwith a dashed, hor-
izontal line. Efficiency in the One Token Scrambled treatment falls well
below the 80 Tokens Scrambled treatment earlier in the original progres-
sive order, around question 20 rather than around question 25.
We find much the same demographic effects on efficiency as with the

progressive presentation of problems. Figure 12 shows these effects, in
comparison with figure 7C and with the addition of measures of person-
ality traits.30 Again, we see a significant effect for women and Blacks, con-
firming that the measurement of fluid intelligence does not derive from
their recognition of the progressive scaffold.
D. The Welfare Cost of Traditional Procedures
Our results allow an evaluation of the value of allowing individuals to re-
veal their confidence in answers to the Raven questions. We evaluate the
29 The changes are shown in app. A, sec. C.
30 These are from the 40-item Big Five Personality Inventory described by John and

Srivastava (1999). Responses to these items are used to generate scores for five personality
traits of the individual. One trait measures extraversion: whether someone is outgoing at
one extreme or reserved at the other. Another trait measures the person’s agreeableness:
whether they are friendly toward others or tend to be quarrelsome and critical of others, at
either extreme. Another trait, unfortunately called neuroticism, measures how nervous or
resilient someone is when confronted with challenges. Another trait measures how consci-
entious someone is about tasks: whether they are organized at one extreme or careless at
the other extreme. And a final trait measures openness to experience: whether they are
imaginative, curious, and open to a wide range of interests. For each subject, we reduce
the scores on each of these traits to a binary indicator, split as close to the median sample
response as possible. These survey items were included in our 2022 experiments.
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expected welfare cost to a respondent of being forced to report their
subjective beliefs in a way that requires that they report only their modal
belief. In effect, this is the welfare cost to respondents of forcing them to
use our two One Token instruments instead of the corresponding 80 To-
ken instruments. This calculation uses the recovered subjective beliefs of
each subject in each question, the QSR payoffs implied by their token
allocation, and their risk preferences, to evaluate the risky lottery posed
to each subject by such an intervention.31 Using this information, we can
calculate the certainty equivalent (CE) to the subject, and then report
that as a percent of the CE of using the unconstrained instrument.
The default CE is when the subject is allowed to allocate beliefs across
all eight alternatives; the intervention CE assumes that the subject is
forced to report that her beliefs are concentrated on her true modal be-
lief. By construction, the welfare cost of the intervention is nonnegative,
but of course it may be zero when the subject’s beliefs are completely
concentrated on one alternative. We do not assume in this calculation
of welfare cost to the respondent that she is correct in the default report-
ing of beliefs, or even that she is unbiased.
FIG. 11.—Average efficiency with scrambled Raven problems. Efficiency measured by
the percent of realized earnings compared with maximum possible earnings. A uniform
token allocation ensures earnings of $1.13 and efficiency of 56.5%. Question number is
from the original progressive order. Beliefs are assumed to be the same as elicited reports.
31 The procedures to recover beliefs are reviewed in sec. IV.D and app. B.
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We descriptively assume rank-dependent utility (RDU) instead of EUT
as the model of individual risk preferences, since it allows for the empir-
ical probabilities to be replaced by decision weights that reflect probabil-
ity weighting. These calculations also form the basis for a normative eval-
uation of the observed choices, although some might want to use EUT
for that purpose rather than RDU.32 As it happens, there is little empir-
ical difference in this setting between using EUT or RDU.
The resulting pattern of welfare costs rises with the original progres-

sive question number. Figure 13A shows this pattern,33 where the vertical
axis ranges from $0 to $2 since these were the rewards at stake for re-
sponses to each question. As expected a priori, the cost is quite low for
the first few questions, which are relatively easy to answer. For the progres-
sive case, the cost starts at around $0 and stays low for the first 15–20 ques-
tion; for the scrambled case, the cost starts at around $0.25 and stays there
until aroundquestion 10. In both cases, the cost becomesmuchhigher for
the last set of questions, converging steadily to around $0.80 for question
36. The scaffold provided by the ordering of problems by difficulty in the
FIG. 12.—Effects of 80 tokens on efficiency with scrambled Raven problems. Average
marginal effects from fractional regression, pooling 80 token and one token results, with
a dummy variable for the 80 token condition and solely comparing results within the
scrambled treatment.
32 We report normative evaluations with EUT in app. B, fig. B13. The relative merits of
EUT or RDU as a normative metric are discussed by Harrison and Ross (2023).

33 Displayed using fractional polynomials with 95% confidence interval bands.
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progressive treatment explains why the welfare cost is lower in that treat-
ment for earlier questions. Average welfare losses per question are $0.205
$0.58 2 $0.38 higher with the scrambled treatment, but about $0.25 for
the first 20 progressive questions and only $0.08 for the last six questions.
We can also examine the welfare cost for each individual, rather than

by individual question. Since we expect intelligence, however measured,
to be an individual trait, this is a naturalmetric for welfare cost. Figure 13B
displays kernel densities of these distributions. The bottom axis range re-
flects the potential earnings in this task between $0 and $72, to provide
context on the significance of the welfare losses. Again we observe that
the welfare losses of being forced to report only one’s subjectivemodal be-
lief as if it was the single true answer are more costly under the scrambled
treatment. Average welfare losses per person are $7.405 $20.882 $13.48
higher with the scrambled treatment. There is also an interesting mode
just above $10 for the welfare cost under the scrambled treatment, which
is close to the mode under the progressive treatment. This suggests that
there are some individuals who would not identify any cognitive gain from
using the scaffold of progression, even when offered.
Figure 13A and figure 13B provide insight into the willingness of in-

dividuals to pay for access to scaffolds to aid cognition. First, over all
FIG. 13.—Expected welfare cost to respondent of being required to report only modal
belief, evaluated using RDU risk preferences for each subject and using recovered beliefs
from the 80 tokens task.
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36 questions, individuals would be willing to pay up $7.40 to have the
questions ordered in progression of difficulty, at least as difficulty is deter-
mined by the developers of the battery.34 Second, there may be some sig-
nificant fraction of individuals who would not see any value in a scaffold
and not be willing to pay for it. Third, the value of a scaffold depends on
the “cognitive context” of its use: if life is only full of questions like the
devilishly difficult question 36, why pay for a scaffold? But if life is indeed
like a box of cognitive chocolates, to paraphrase Forrest Gump, and you
never know which of the 36 questions you are going to get, then the scaf-
fold pays off.
III. Gender and Confidence, Reconsidered
Our striking result that women respond positively in terms of our mea-
sure of fluid intelligence leads us to consider whether this finding is
more general. In the nature of “fluid” intelligence that is not dependent
on one’s “crystallized intelligence” about one context or another, one
would a priori expect that it would generalize. We therefore reexamine
two celebrated instances in which gender and confidence have been
studied: willingness to engage in “competitive” risky behavior and mea-
sures of financial literacy.
One point of clarification is the simple use of the word “confidence”

to mean two things. It is often used in these literatures in the colloquial
sense of optimism (“overconfidence”) or pessimism (“insufficient confi-
dence”). We use the term to refer to the inverse of precision, the vari-
ance of beliefs over alternatives and degrees of subjective belief over al-
ternatives. The two are each valid uses of the word confidence but must
be kept clearly distinct. This point is well-known but often seems to be
equally well forgotten; see Moore and Healy (2008).
The other point of clarification is that, in both cases, we find that

thinking about how one measures performance, whether it be with an
intelligence test, a measure of “competitiveness,” or measure of literacy,
makes a difference in terms of the welfare significance of the findings.
Although the immediate focus is on gender, the methodological lessons
generalize to other demographics and personality characteristics. We re-
turn to this deeper, normative reason for paying more attention to con-
fidence, in the sense in which we use the term, in our concluding remarks
in section V.
34 This last qualification raises the interesting problem of identifying “difficulty” when
there are several attributes that might be useful to produce a good cognitive response.
For example, certain arithmetic tasks might be easy if one has excellent short-termmemory
(or pen and paper) and hard otherwise.
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A. Gender and Competitiveness
Niederle and Vesterlund (2007) consider the effect of more or less com-
petitive compensation schemes on the incentives that lead women to
participate in a workforce characterized by those schemes. At one ex-
treme is a piece-rate system, in which a fixed payoff is provided for every
unit produced in a given period of time. At the other extreme is a tour-
nament, in which only one in four participants will receive a positive pay-
off, based on having the greatest number of units produced in a given
time period. The setting is one in which the production process requires
real cognitive effort over some period of time. They observe from labo-
ratory experiments that women tend to avoid tournaments in favor of
piece rates, when asked to choose one or the other to be compensated,
even when the production task has been selected to be one where men
and women have roughly the same ability.35 This tendency is regarded as
a bad thing, as reflected by the first part of the title “DoWomen Shy Away
from Competition?” and myriad references in a large, subsequent liter-
ature to women not being willing to compete.
Our results with the Raven Progressive Matrices task shows that it is

important to consider the metric of performance, even when some ob-
jectively correct answer exists, to allow for the fact that most of the time,
in the field, we are concerned with belief assessments of alternative pos-
sible solutions. Only in a rare setting does the correct solution present
itself in all instances. Of course, we find that if one uses one metric for
performance, the number correctly answered, a very different measure
of performance is obtained for women compared with men than if one
uses a metric of performance that recognizes the cognitive difficulty of
always being able to identify the single correct answer.
The same might be true of the tasks posed by Niederle and Vesterlund

(2007) in the face of the time pressure of only having 5 minutes to come
up with the largest number of produced solutions. And this might be ex-
acerbated by the tension of competing against somebody else. Hence,
there is value in examining the conclusions of Niederle and Vesterlund
(2007) in the same manner, by asking whether they are evaluating men
and women with the appropriate metric. We say “appropriate” and in-
tend the word in both descriptive and normative senses. When men
and womenmake a choice over piece rates or tournaments, they are eval-
uating two risky lotteries, where the risks are subjective.
35 There are many settings in which the ability to complete more “production tasks” in a
given period of time might vary by gender and the compensation scheme employed.
Gneezy, Niederle, and Rustichini (2003) consider a puzzle consisting of mazes of varying
difficulty as the production task. They find that men and women do solve roughly the same
number of mazes under piece rates but that men solve manymore than women under tour-
naments. The task in Niederle and Vesterlund (2007) was deliberately chosen to avoid this
gender difference in actual ability and consists of adding up five 2-digit numbers correctly.
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Our experimental design mimics Niederle and Vesterlund (2007),
which has several elegant features to allow a decomposition of the deter-
minants of observed behavior, well beyond the “reduced form” conclu-
sions drawn from it about the apparent lack of competitiveness of women.
There are six parts to our design. In part 1, the subject is asked to solve
up to 12 scrambled Raven questions in 10 minutes and is rewarded by
points. Each QSR allowed subjects to earn up to 200 points in each ques-
tion if all tokens were allocated to the correct response. If this part was
selected for payment, their reward would be based on their total earn-
ings of points, multiplied by $0.01, so each point was worth a penny,
and subjects could earn up to $2 per question, or $24 for the 12 questions.
This is the piece-rate compensation treatment. In part 2, the underlying
cognitive production task was the same, with a different 12 scrambled
Raven questions in 10 minutes. However, the compensation scheme was
based on a tournament in which the point earnings of the subject would
be compared with the point earnings of three other subjects selected at
random.Only the subject with the best score would receive compensation
if this part was selected for payment,36 but the potential payoff was four
times the payoff from the piece-rate part 1, so $8 per question, or $96
for the 12 questions.
In part 3, the focus is on the choice of compensation scheme. The sub-

ject is told that they will face yet another 12 scrambled Raven questions
in 10minutes.Without knowing their earnings, or the earnings of anyone
else from parts 1 and 2, the subject must decide whether to have their
earnings in part 3 determined by the piece-rate scheme of part 1 or the
tournament scheme of part 2. If the tournament is selected, the new
point earnings of the subject will be compared with the point earnings
from part 2 of the other three members of her group. This is a key point
of the design.
Assume for simplicity that the subject believes in part 3 that they will

hit their previous piece-rate score from part 1 if they adopt the piece-rate
scheme.37 Payoffs are then equal to that expected number times $0.01
per point, no matter what the number of points might be. Expectations
for the tournament are nearly the same but with one twist. The individ-
ual knows what her own effort level was under the tournament condi-
tions in part 2 but does not know the tournament outcome. The individ-
ual must additionally form some subjective belief that her earnings will
36 Subjects were told that ties would be resolved randomly.
37 In effect, this just assumes that the individual expects a data generating process for

their efforts that has symmetric noise around their perceived previous outcome and then
applies reduction of compound lotteries (ROCL) to that distribution. Under ROCL, they
can have some subjective beliefs about how many they will complete but can “replace” that
probability mass function with the expectation, which by construction here is their per-
ceived previous outcome.
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be the highest of the four in her tournament group. A natural prior
would be to assume a one-quarter chance of being the winner of the
tournament.38 We come back to the actual subjective beliefs that the sub-
ject has in a later part but assume this diffuse prior for now.
Now just apply some simple economics to the choice of compensation

scheme, taking into account the risk of winning or losing the tourna-
ment. Since the tournament gives a three-quarters chance of receiving
$0 and a one-quarter chance of winning a positive prize, it is much more
risky than the piece-rate option if effort and performance in the cogni-
tive task for the subject are the same under either compensation scheme.
The experimental design of Niederle and Vesterlund (2007), indeed, se-
lected $2 to be exactly four times $0.50, under this null hypothesis about
empirical expectations on the chance of winning the tournament.39

Thus one would expect all risk-averse agents to want to avoid the tourna-
ment, because the parameters of the experiment were designed to make
a risk-neutral agent indifferent.
Assume everyone is risk averse, to varying degrees; we check this as-

sumption, but it is a weak one. Why, then, are we concerned about the
behavior of women if they make the decision to avoid the risky lottery
that offers about the same earnings but with higher variance? Surely
the problem here is that men tend to make the wrong risk-management
decision, not that women tend to be too timid to compete.40

It is a simple matter to apply some EUT finger mathematics to the ac-
tual data from Niederle and Vesterlund (2007) to be more precise about
these welfare effects. Appendix C details these calculations. Using of wel-
fare gain or loss again, we find that the women who chose the piece-rate
scheme gained in welfare terms by 1$3.94; the women who chose the
tournament scheme lost in welfare terms by $3.65; the men who chose
the piece-rate scheme gained in welfare terms by 1$3.01; and the men
who chose the tournament scheme lost in welfare terms by $3.01. Hence,
it is important to recognize that women tended to do the right thing, as-
suming that EUT describes their risk preferences, by selecting the tourna-
ment only 35% of the time. But men tended to do the wrong thing, by se-
lecting the tournament 73% of the time. In principle, these calculations
38 If indeed the individual has equal ability to others, and the design of Niederle and
Vesterlund (2007) was built around a cognitive task in which the average man was expected
to have the same ability as the average woman, then the probability of winning the tourna-
ment is one-quarter by design.

39 One second-order empirical violation of the ceteris paribus assumption is that both
men and women did ever so slightly better in their part 2 tournament production than
in their part 1 piece-rate production, possibly due to learning effects from repetition.
We can numerically take these statistically insignificant differences into account, with no
change in the general conclusion.

40 This inference has nothing to do with the claim that women are more risk averse than
men. In the sequel, we let data fill in the risk preferences of individuals.
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can be repeated at the level of the individual, andwedo that usingour own
experimental data below. We can again also descriptively assume RDU in-
stead of EUT, which allows for the empirical probabilities to be replaced
by decision weights that reflect probability weighting. These calculations
also form the basis for a normative evaluation of the observed choices.
This inference, that the simple economics of the choice task indicate

that men, not women, have appeared to have made the wrong decision,
is before we see the results of eliciting subjective beliefs. Those results
confirm the reason for these wrong decisions in the experiments of
Niederle and Vesterlund (2007): poorly calibrated subjective beliefs by
men. In their experiments, women have reasonably well-calibrated sub-
jective beliefs and just made the right decision based on them.
There are three final, brief steps to the experimental design, but they

play a surprising role in helping evaluate observed behavior. In part 4,
the subject decides whether she wants her performance in part 1, the
initial piece-rate task, to be evaluated with the piece-rate compensation
scheme or the tournament compensation scheme. This choice of compen-
sation schemes differs from part 3, since it used the previously generated
performance of the subject, rather than adding the “stress” of competing.
Hence, part 4 elegantly teases apart two attributes of competition: being
asked to perform some task, knowing that the earnings will depend on do-
ing it better than others, and being compared with others to generate a bi-
nary payoff for the best performance. The second attribute involves a sim-
ple risk: the subjective probability that your score will be better than scores of
others in your group. The first attribute might or might not add some risk:
the variability of performance could dependon knowing ex ante that one is
performing the task under these competitive conditions. This subjective
risk is separate from the preference the individual might have for such
head-to-head performance. Teasing these apart is exactly what a comparison
of behavior from parts 3 and 4 does.41 So part 4 controls for any stress from
having to perform but leaves in place the risky lottery involved if the sub-
ject selects to be evaluated by a tournament.42
41 Shurchkov (2012) recognizes that there are these additional attributes from compe-
tition but only replicates parts 1–3 of the design of Niederle and Vesterlund (2007).
One of the attributes she considers is time pressure, which is a factor in our replication and
extension of Niederle and Vesterlund (2007) but was not effectively a factor in our main exper-
iments with the Raven task.

42 Niederle and Vesterlund (2007) present part 4 as controlling for risk aversion, but it
does not. Niederle (2015, sec. II.A) explains it in this manner:

Explanation 3: Gender differences in risk and feedback aversion: These are dimensions
different from taste for competition that also impact the choice between a tourna-
ment and a piece-rate incentive scheme. The tournament payment scheme not only
is competitive, it is also more uncertain and provides more information about rel-
ative performance than the piece-rate scheme. For both risk aversion as well as pref-
erences over receiving feedback about relative performance, there may be gender
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The final steps of the experimental design elicit subjective beliefs that
drive the choices in parts 3 and 4. In part 5, the subject reports beliefs
about the rank of her piece-rate earnings in part 1 compared with the
others in her tournament group of four. We use a QSR with four possible
responses and provide 100 tokens for the subject to allocate. The subject
could earn up to $30 by allocating all 100 tokens to the correct response.
Finally, in part 6, the subject again reports beliefs about her point earn-
ings rank, in this case with respect to the tournament earnings in part 2.
The QSR setting and incentives are the same as in part 5. Of course, the
response from part 6 provides exactly the individual subjective probabil-
ity of winning the tournament that is needed to evaluate the choice in
part 3 descriptively and normatively; we do not need to assume a diffuse
probability of one-quarter of winning.43

As flagged above, following the discussion of part 3, the subjective be-
liefs elicited in part 6 surely play a crucial role in evaluating behavior.
Niederle and Vesterlund (2010, 134) summarize their data as follows:
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elief elicitation step is not in the written instructions for the experiment of
nd Vesterlund (2007) but is embedded in Ztree code available from Lise
(private communication, May 2021). It asked the subject to “guess” their rank
part 1, and pays $1 if the subject is correct or incorrect. Chen et al. (2024) note
elicited over past tournament rank are not the same as beliefs elicited over fu-
ment rank and that it is the latter that matter for the choices made in parts 3
the other hand, eliciting beliefs over outcomes depending on actions by the
elf generates issues of incentive compatibility: “Do I forecast a low rank and
I get that belief elicitation reward by tanking in the tournament?” Recognizing
et al. (2024, 16) infer beliefs over a future “lump-sum tournament” with payoffs
d on winning but not on performance: “While we cannot construct informative
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t these are comparable tournaments, theoretically or behaviorally. In addition,
(2024, 6) must assume risk neutrality in order to infer subjective beliefs; their
ivized test for risk preferences shows risk aversion on average, as expected.
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Recognizing that the word “overconfident” is used here to mean optimis-
tic, this finding is crucial. The full title of Niederle and Vesterlund’s
(2007) paper is “DoWomen Shy Away from Competition? Do Men Com-
pete Too Much?” Surely these aggregate data say clearly that it is the lat-
ter, not the former.
What is needed is direct economics: a calculation of the welfare gains

or losses to individuals given their subjective beliefs about their chances
of being ranked best in the tournament, their expected payoffs given the
possible outcomes, their risk preferences, and their choices in parts 3
and 4. We had 88 subjects undertake this task—45 with the 80 Token
Scrambled treatment and 43 with the One Token Scrambled treatment.
Table 2 lays out the calculations, focusing on the decision to compete in
part 3. The calculations show the welfare effects for a risk-neutral individ-
ual for reference since that was assumed in the design of the tournament
payoffs. The calculations then show the welfare effects for a risk-averse
individual with EUTrisk preferences andfinally for a risk-averse individual
with RDU risk preferences.
The numbers in panel A of table 2 are the average payoff in parts 1 and

2. The payoffs for the “Tournament win” row are the realized payoffs,
which get paired in a lottery with some probability of getting zero. The
numbers in panel B are the subjective probabilities of receiving each pay-
off. The piece-rate payoff is certain, of course, and the probability of a
tournament win comes directly from part 6 of the experiment. The risk-
preference parameters in panel C of table 2 are from estimated EUT or
RDUmodels, both using a familiar Constant Relative Risk Aversion utility
functionU (x) 5 x12r=(1 2 r); theRDUmodel also assumes aPrelec (1998)
probability weighting function (PWF).44 Every subject completed a risk
battery of 30 binary choices, selected at random from a larger battery of
67 gain-frame lottery choices fromHarrison and Swarthout (2023). Although
table 2 reports averages for men and women, subsequent calculations at the
individual level use individual risk-preference parameter estimates from
the Bayesian hierarchical model of Gao, Harrison, and Tchernis (2023)
and confirm the general conclusions.45

Armed with this information, it is just a matter of finger mathematics
to calculate the expected utility (EU) or RDU of the piece-rate lottery
choice and the tournament lottery choice. The piece-rate lottery is a de-
generate lottery, with the payoffs listed being received with certainty; the
44 This probability weighting function exhibits considerable flexibility and is q(p) 5
expf2h(2ln  p)Jg, defined for 0 < p ≤ 1, h > 0 and J > 0. When h 5 J 5 1, q(p) 5 p,
so there is no probability weighting.

45 The average subject exhibited moderate risk aversion under EUT and RDU. The av-
erage RDU subject has a more concave utility function than under EUTand has a globally
optimistic probability weighting function to offset that. The average RDU parameters are
quite close to EUT, but this is not true at the individual level.
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tournament lottery is a well-defined simple lottery. Once these have
been calculated, the CE of each lottery can be calculated as shown in
panel D of table 2, since u(CE) 5 y solves for CE 5 ½y� (1 2 r)�1=(12r)

for y ∈ fEU, RDUg. If subjects are risk neutral, the CE for the piece-rate
and tournament lotteries for men is $1.37 and $1.47, respectively, and
$1.36 and $1.60 for women. So risk-neutral men and women should
( just) choose the piece-rate option in part 3. The normative “should”
here comes from the subjective beliefs and subjective risk preferences
of the subjects. Panel D also shows the welfare calculations if risk prefer-
ences are characterized using EUT or RDU. Since both EUT and RDU
show risk aversion, the piece-rate choice looks to be the best for both
men and women.46 In panel E, we show the expected welfare gain from
selecting one or other compensation scheme, with the welfare gain
TABLE 2
Welfare Evaluation of Willingness-to-Compete Decisions

Risk Neutral EUT RDU

Male Female Male Female Male Female

A. Payoffs for 80 Tokens

Piece rate ($) 1.37 1.36 1.37 1.36 1.37 1.36
Tournament win ($) 5.66 5.72 5.66 5.72 5.66 5.72
Tournament lose ($) 0 0 0 0 0 0

B. Probabilities for 80 Tokens

Piece rate 1 1 1 1 1 1
Tournament win .26 .28 .26 .28 .26 .28
Tournament lose .74 .72 .74 .72 .74 .72

C. Risk-Preference Parameters

Utility parameter r 0 0 .6 .56 .71 .7
PWF parameter h 1 1 1 1 .97 .9
PWF parameter J 1 1 1 1 1 .92

D. Certainty Equivalents for 80 Tokens

Piece rate ($) 1.37 1.36 1.37 1.36 1.37 1.36
Tournament ($) 1.47 1.60 .87 .98 .09 .18

E. Expected Welfare Gain for 80 Tokens

Piece-rate compensation ($) 2.10 2.24 1.50 1.38 11.28 11.18
Tournament compensation ($) 1.10 1.24 2.50 2.38 21.28 21.18

F. Expected Welfare Gains for One Token

Piece-rate compensation ($) 1.11 1.20 1.51 1.62 1.99 11.09
Tournament compensation ($) 2.11 2.20 2.51 2.62 2.99 21.09
46 The parameter values for h an
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choice with positive values. Finally, panel F repeats the same calculations
using the one token data, implicitly replacing the data shown in panels A
and B. For the one token case, even risk-neutral men and women should
choose the piece rate and avoid the tournament.
These calculations can be undertaken at the level of the individual.

Figure 14 shows distributions of the welfare effect if each individual
chose to compete in the two settings in which they have that choice avail-
able. These are ex ante welfare effects of making the choice to compete,
whether or not that choice is justified by the simple economics of evalu-
ating the risky options presented. A clear pattern emerges, consistent
with table 2: the vast majority of individuals should never choose to com-
pete. Somewhat more should compete under RDU risk preferences than
EUT but never more than a fifth of the sample.
By construction, there would be no ex post welfare losses if every indi-

vidual chose consistently with the ex ante welfare effect. If those with a
negative welfare effect in figure 14 chose not to compete and those with
a positive welfare effect in figure 15 chose to compete, we would observe
nothing but welfare gains from the data. The size of the gain would de-
pend on payoffs under the piece-rate and tournament conditions, sub-
jective probabilities of being the top rank in the tournament, and indi-
vidual risk preferences. Of course, from figure 14, we see that the vast
majority of individuals should have chosen not to compete in the tourna-
ment, as expected from the simple economics of the risky choice. How-
ever, figure 15 shows the extent of the departure from this ideal, with sig-
nificant welfare losses for some individuals, since quite a few chose to
compete when their risk preferences and subjective risk perceptions indi-
cated that they should not.
What is driving these losses? In our data we observe virtually identical

average payoffs for men and women in the piece-rate and tournament
tasks in parts 1 and 2, whether these were one token or 80 token condi-
tions. Certainly there are some men and some women who score better
than others, but performance in the task is not generally different for
men and women. We find that women are slightly more optimistic about
their chances of winning the tournament thanmenwhen therewere 80 to-
kens and about the same when there was only one token. Figure 16 dis-
plays the elicited beliefs for all ranks, by men and women, in each of
the conditions. If we just focus on beliefs about winning the tournament,47

we find that men and women are slightly pessimistic in comparison to the
diffuse prior of one-quarter when there was only one token. On average,
paribus generating risk-loving behavior. But the ceteris paribus assumption is violated,
with modestly concave utility functions, so the overall effect is modest risk aversion.

47 It is also worth noting the “Lake Wobegon” effect, in which everybody believes that
there is only a very low chance that they will come in last.



FIG. 14.—Ex ante welfare effects of the decision to compete.
FIG. 15.—Ex post welfare effects of the decision to compete (or not).
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men hold beliefs that are right at the diffuse prior of one-quarter when
there were 80 tokens, and women were modestly optimistic on average
when there are 80 tokens.48 Fromfigure 12, we know that (different) women
did much better in the scrambled condition with 80 tokens than in the
comparable condition with one token, so this relative optimism is gener-
ally well-founded. Still, this optimismwas taken into account in the simple
economics of table 2, and the risk aversion of women was more than
enough to offset these optimistic subjective beliefs.
Roughly 69% of all ex post welfare effects were improvements, with

morewelfare gains when the choice to compete involvedno stress.49 There
was no (unconditional) difference between men and women in terms of
the fraction of positive welfare effects. Nor was there any (conditional) dif-
ference betweenmen andwomenwhen controlling for other demograph-
ics, personality traits, or binary indicators of the “belief optimism” or “per-
formance excellence” of the individual. Belief optimism was an indicator
FIG. 16.—Recovered beliefs on the probability of personal performance ranks by men
and women.
48 This modest optimism by women was actually a marked optimism in terms of the ob-
served belief reports. The beliefs in fig. 16 have been recovered from those observed re-
ports, reflecting the RDU risk preferences of each individual. Figure B16 in app. B shows
the results with observed belief reports.

49 Detailed results are presented in app. C, sec. 3. All estimates refer to average marginal
effects from probit regressions.
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that the reported belief of winning the tournament exceededone-quarter,
and performance excellence was an indicator that the actual performance
of the individual to be used in the tournament was in the top 25% over all
subjects. Thus there appears to be no “gender problem” when it comes to
these decisions to compete or not, when correctly evaluated in terms of
welfare effects.
There is some evidence of systematic determinants of the welfare ef-

fects of the decision to compete in the no-stress setting of part 4. The
first is that atheists tended to be 15 percentage points more likely to re-
alize a welfare gain from their decisions (p-value 5 :09). The second is
that belief optimists tended to be 18 percentage points less likely to re-
alize a welfare gain (p-value 5 :07), and the third is that those who ex-
hibited performance excellence tended to be 29 percentage points less
likely to realize a welfare gain (p-value < :001). The last two results point
to individuals who have some cause to expect to do well in the tourna-
ment, but possibly failed to factor in the extent of their risk aversion,
even in the face of having “better odds than most.”
One implication of the welfare evaluations in table 2 and figure 14 is

that risk-neutral or expected-payoff-maximizing choices are not reliable
measures of the welfare effects allowing for risk preferences. Moreover,
these risk-neutral welfare calculations might also be relying on poorly cal-
ibrated subjective beliefs, which by themselves could generate welfare
losses. Hence, one must have grave concern that various interventions to
“get women to compete” could easily generate welfare losses for many indi-
viduals andeven for theaverage individual. For example,Balafoutas andSut-
ter (2012) and Niederle, Segal, and Vesterlund (2013) consider a variety of
“affirmative action” policies to reduce the gender gap with respect to choos-
ing to compete but offer no evidence that it improves anyone’s welfare. Alan
and Ertac (2019) consider interventions to teach young children about the
“value of grit” and determination, and that seems to reduce a gender gap in
choosing to compete, but it is far from obvious that it improves welfare for
risk-averse agents.50 On the other hand, the complete design we applied, an
extension of Niederle and Vesterlund (2007), coupled with some basic eco-
nomics of risk, does point to the way to evaluate the welfare effects of these
and other policies, to help establish credible priors that our interventions
are, in expectation, doing no harm.51
50 We explain the calculations of the “efficiency” and “expected cost” of these policies in
app. C, sec. 4, and why they should not be viewed as evaluating expected welfare.

51 One key difference in our design, which is not difficult to add, is the use of a battery of
choices that allow one to characterize the risk preferences of individuals. Many of the stud-
ies in this subliterature have used minimal or questionable measures of risk aversion, pri-
marily to have some covariate to add to regressions. Quite apart from any conceptual or
empirical validity of these measures, they do not readily convert to risk-preference param-
eters that allow one to evaluate the CE of risky lottery choices that are central to the design
and the normative evaluation of welfare.
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B. Gender and Literacy
The literature on financial literacy stresses that women tend to be less
literate than men. This conclusion is derived from a wide collection of
hypothetical survey responses in which individuals are asked questions
and given multiple-choice options to select from. In many cases the sur-
veys allow “do not know” and “refuse to answer” as options. Reviewing
a wide array of responses over many countries, Bucher-Koenen et al.
(2017, 257) conclude that, “Not only are female respondents less likely
to answer financial literacy questions correctly but they are alsomore likely
to state that they do not know the answers to the questions.”52 The same
theme is echoed by Lusardi and Mitchell (2008) and Bucher-Koenen
et al. (2025). The latter, indeed, see the lack of confidence that women ex-
hibit as a call for action, with a reference to “fearless women” in their title,
explained in reference to
52 The co
on the “infl
was used b
16.9% of t
of the wom
260–62).
Fearless Girl—a bronze statue of a girl that was placed in front of
the Charging Bull on Wall Street in New York City on March 7,
2017 (one day before International Women’s Day). The intent
was to raise awareness and encourage women’s leadership. Its
symbolic placement sparked a debate about women’s roles, par-
ticularly in financial professions, and pointed to the importance
of confidence, especially in the fields of finance and investing. A
fearless girl will become a fearless woman.
Stirring as this metaphor is, and important as the social debate is, we be-
lieve the metaphor to be dangerously misplaced. We encourage chang-
ing the conversation and measurement of confidence so that we think
about “appropriate confidence” rather than simply more or less confi-
dence. There are risks that one might want to be averse to, and even
to fear, such as a charging bull. The issue is whether confidence is appro-
priate or not.
Maybe the greater use of the “do not know” response by women is sim-

ply a reflection of them not having a 100% belief that any one of the
available answers is correct and cooperatively communicating that to
the researcher. In other words, the response “do not know” could just
be intended to reflect the belief that “I do not know with enough confi-
dence to select it if you force me to select one option,” and men and
nclusion includes several massive, nationally representative surveys. Focusing
ation” question, we examine below, they show that the “do not know” option
y 18.4% of the women and 9.8% of the men in the United States in 2009, by
he women and 10.1% of the men in the Netherlands in 2010, and by 21.0%
en and 12.4% of the men in Germany in 2009 (Bucher-Koenen et al. (2017,
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women might vary in their culturally conditioned willingness to be open
in survey and experimental responses to this lack of complete confidence.
This is a point stressed earlier for our Raven responses: we cannot identify
whether the responses of women (and Blacks) reflect less confidence in
their beliefs over the true answers or just a greater willingness to admit
that. Exactly the same could be true of the literacy responses underlying
the apparent gender disparity in financial literacy.
One approach is to construct a statistical model to view these “do not

know” responses as a latent reflection of lack of confidence, allowing the
model to reallocate probabilitymass to other options. Thismodel requires
comparable data in which the “do not know” option is not available to the
respondent, and those data are available from the Netherlands and used
in this manner by Bucher-Koenen et al. (2025). They also asked subjects
who did not have this option to report, on a Likert scale, how confident
they were in their response.
Inventive as this approach is, a more direct approach would be to sim-

ply change the mode of responses to such literacy questions to allow,
and incentivize, respondents to report full belief distributions over pos-
sible responses, exactly as wehave done for themode of response toRaven
questions. In fact, this idea was already proposed and implemented for
literacymeasurement byDiGirolamo et al. (2015) andHarrison,Morsink,
and Schneider (2022).
We illustrate the effects of using this mode of response with a literacy

question that is a direct adaptation of one of the “Big Three” from
Lusardi and Mitchell (2011),53 to test understanding of the effects of
inflation:
53 The o
1% per yea
than, exact
choice opt
“do not kn

54 In this
cial literacy
2013, 2014
QSR param
rect respon
Imagine that you have $100 in a savings account and the annual
interest rate on your savings account was 1% per year, and an-
nual inflation was 2% per year. After one year, how much pur-
chasing power would you have on the initial $100?
The correct answer to this question is $99.02 5 $100 � 1.01 � 1.02. We
asked this question of 776 GSU undergraduates, using the same incen-
tivized QSR procedure as in our Raven experiments.54 Subjects were
riginal question is, “Imagine that the interest rate on your savings account was
r and inflation was 2% per year. After 1 year, would you be able to buy more
ly the same as, or less than today with the money in this account?” Multiple-
ions provided were: “more than today,” “exactly the same,” “less than today,”
ow,” and “refuse to answer.” The correct answer is “less than today.”
case, these questions were part of a larger battery of questions on general finan-
and inflation literacy, undertaken for the Federal Reserve Bank of Atlanta in

, and 2016. One belief question was selected at random for payment, and the
eters selected so that the maximum reward for allocating all tokens to the cor-
se would earn $50.
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given response options in dollar amounts, shown on the horizontal axes
of the displays in figure 17. One treatment was to shift the labels so that
the correct answer was in a different belief report bin interval: hence, the
horizontal axis displays on the left and right of figure 17 are, by design,
slightly different even if both include the correct response.
The top panels of figure 17 (A, C) show the pooled beliefs of men in

response to this question, and the bottom panels (B, D) show the pooled
beliefs of women. In each panel, we report the average response m and
the standard deviation of responses j. We have a direct measure of abso-
lute bias as Fm2 99.02F, and we observe that the bias is higher for women
than it is for men, varying slightly by the range of options on the left or
right panels. One might infer that women exhibit greater bias than men
in this task and, hence, are less literate. But the displays of the distribu-
tions of beliefs, as well as the reported standard deviations, make it clear
that these biases are tiny in relation to the level of confidence in these
beliefs. Since it is a common error, we explicitly caution that the stan-
dard error of the statistic m is not the same as the standard deviation j

of the underlying distribution. It could be that the estimated m values
are statistically significantly different from $99.02, but that confuses
the precision of an estimate of a statistic with the precision (i.e., inverse
of variance) of the sample data distribution.55 This is an error in statistics
and not the same as the distinction between statistical and economic sig-
nificance. Hence, we infer from figure 17 that both men and women ex-
hibit biased beliefs about the correct response to this literacy question
but report a lack of confidence in their belief that makes that bias statis-
tically irrelevant.
More useful insights come from examining belief distributions of in-

dividuals, which our approach generates by construction. Figure 18 dis-
plays what we need to be paying attention to in terms of the likely welfare
consequences of illiteracy. These are displays from actual subjects from
our sample. Figure 18A shows the “poster child” of literacy: no bias and
perfect confidence with all tokens allocated to the correct response. Fig-
ure 18B shows a commonmodal type of response for this question, a sub-
ject that has beliefs either side of the correct response but is unwilling to
commit to allocating all tokens to her modal response. Figure 18A is im-
portant and interesting: the subject exhibits a large bias but is reporting
such a diffuse belief distribution that we have to respect that the subject
is telling us that they do not have a clue. Here is why this matters. If we
went back to this subject, as a financial planner might and suggested that
they look into this a bit more since it really matters for financial planning,
55 This issue is highlighted by Harrison et al. (2022, 817) in the context of evaluations of
the bias of subjective beliefs about the mortality effects of COVID-19.
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the diffuse belief suggests to us that this is a subject who is likely to start
searching for a scaffold tomake a better decision.Whether that scaffold is
the advice of the financial planner, the internet, or a partner, the evi-
dence of the diffuse belief should only be taken as evidence of “naked,
Robinson Crusoe without bars on his phone” illiteracy.
FIG. 17.—Bias and confidence in the literacy of men and women on the inflation
question.
FIG. 18.—Literacy and confidence: the good, the bad, and the ugly.
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The actual subject in figure 18D is the one we worry about. Here we see
evidence of bias but complete confidence in the belief that generates
that bias. This is the subject who we fear would “bet the house” on their
belief and not see the need for seeking out scaffolds to aid their literacy.
This is the subject type we particularly seek to identify, to evaluate the po-
tential welfare gains of informational policy treatments or regulations.
IV. Extensions, Related Literature, and Open Issues
Winkler (1996, sec. 2) crisply distinguishes the role of scoring rules for
ex ante assessment of subjective beliefs and the role of scoring rules
for the ex post evaluation of those being assessed. Many issues arise when
these two are confused rather than being seen as complementary.
A. Probabilistic Testing in Education
There is a long psychology literature considering variants on the stan-
dard scoring rules used in educational testing in order to elicit “partial
knowledge”: for example, Rippey (1968, 1970), Koehler (1971, 1974),
Kansup and Hakistan (1975), Ben-Simon, Budescu, and Nevo (1997),
Bereby-Meyer, Meyer, and Budescu (2003), and Bickel (2007, 2010).
All recognize the value of measuring confidence and the potential role
of proper scoring rules. However, from the ex ante perspective of assess-
ing beliefs, most of the alternatives considered are openly ad hoc vari-
ants of existing scoring procedures in tests, and the metrics of evaluation
are not well-motivated if the objective is reliable elicitation of confi-
dence. All of the empirical studies rely on intrinsic rewards and in most
cases provide a loose characterization to the subject of the operation and
consequences of the scoring rule.
The literature on probabilistic testing in education has much more to

say on the ex post perspective of evaluating reports and beliefs using scor-
ing rules. And here the various reasons for conducting testsmatter greatly.
In the educational context, tests can be used to ordinally compare appli-
cants, to prod to study, and as a measurement tool for some trait (Wainer,
Bradlow, andWang 2007, chap. 1). Each objective naturally leads to differ-
ent criteria for tests to meet.
An important example is the issue of the scoring rule score depending

on the complete distribution of reports and not just on the correct, true
report. In testing applications, it is usually the case that one true alterna-
tive is defined. Shuford, Arthur, and Massengill (1966) proved that most
of the proper scoring rules, such as the QSR, were symmetric in the man-
ner in which they treated false response. If a subject reports a 70% token
allocation to the true answer and allocates 20% to one of the false answers
and 10% to another of the false answers, it does not matter for the QSR
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score which false answers get the 20% or 10% allocations. But if another
subject reports 70% for the true answer and 30% to just one of the false
answers, the QSR score is lower than for the first subject, since the sum
of the quadratic components of the QSR are different. This difference
in score bothers some as unfair (e.g., Winkler 1996, 15 ff.; Bernardo
and Smith 2000, 72; Bickel 2007, 2010). The implication is then to use a
proper scoring rule that uses only responses to the true alternative, the
logarithmic rule.56

There is general confusion in the literature on scoring rules for testing
purposes on how to account for nonlinear utility of test respondents or
more general forms of risk preference (e.g., Winkler 1996, 19ff., 52ff.;
Bickel 2007, sec. 4). We consider this issue in sec. IV.C below.
B. Achievement Tests
Our overall objective with respect to the measure of intelligence has
been to augment existing measurement methods in order to capture
self-awareness of the degree of confidence a person has in a knowledge
claim and a willingness to express that confidence. Heckman and Kautz
(2012, 451) make a parallel point with respect to standardized achieve-
ment tests:
56 Shufo
arithmic ru

57 In cog
for success
examples a
skill, meets
neither bro
Achievement tests miss, or more accurately, do not adequately
capture, soft skills—personality traits, goals, motivations, and
preferences that are valued in the labor market, in school,
and in many other domains. The larger message . . . is that soft
skills predict success in life, that they produce that success, and
that programs that enhance soft skills have an important place
in an effective portfolio of public policies.
The concept of a “soft skill” is evidently used in this passage to refer to
entire broad areas of competence.57 We argued and demonstrated con-
structively that one can rigorously elicit measures of confidence that aug-
ment traditional intelligence tests. Economic theory tells us how to do
this: it is not a matter of eliciting some proxy for a trait, seeing if it im-
proves statistical fit on some target behavior, and then declaring it a valid
measure because of that improved statistical fit.
rd, Arthur, and Massengill (1966, 137) present a “truncated” variant of the log-
le that elegantly avoids the problem of unbounded payoffs for reports of 0.
nitive science, the idea of a “soft skill” refers to a skill that lacks invariant criteria
ful application. Thus, interesting cases of soft skills must be narrower than the
bove, since every very broadly delineated general skill, including mathematical
the scientific definition of “soft.” Confidence as understood here, however, is
adly delineated nor soft, but that is not the point.
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We stress that our augmented intelligence test should not be viewed
as a “magic bullet” correction for all of the limitations of traditional in-
telligence tests, particularly when interpreted and applied as general-
purpose achievement tests. For example, the extended case studies in
Heckman, Humphries, and Kautz (2014) of the General Educational
Development (GED) testing program, and specifically the GED exam,
show that GED recipients performed in the labor market more like high
school dropouts than high school graduates. At one level, this might be
dismissed as just claimingmore for an achievement test than one should.
But at another level, these achievement tests can take on an institutional,
lobbying, and political life that risks selling false hope to vulnerable pop-
ulations for decades, generating a derived demand for critical evaluation
of the “performance of performance standards” erected around them
(Heckman, Heinrich, and Smith 2002).
If someone is designing a test of (fluid) intelligence or an achievement

test, they have a choice of having the respondent incentivized in a risk-
neutral manner, incentivized by the respondent’s own risk preferences,
or even incentivized to induce some risk preferences on responses. In
section IV.D, we explain how each of these alternatives have been imple-
mented in the literature on the elicitation of beliefs and the trade-offs in-
volved in adopting each approach. Here we ask why onemight want to use
one or other of these options.
Having subjects respond as if risk neutral has two advantages. One is

that reports of beliefs are in fact the subjective beliefs of the subject, at
least under the theory of the scoring rules employed. This means that re-
ports are beliefs, and beliefs are data and not estimates. Hence, they can
be legitimately used directly in subsequent statistical analyses as data. The
other advantage is that it controls for a potential “nuisance parameter”
when trying to comparemeasures across individuals. If one wants tomake
a claim that one person is more intelligent than another, in terms of a spe-
cific cognitive test such as the RAPM, then one does not need to attend to
how those individuals managed the risk of their responses.
Having subjects respond with their own risk preferences is based on a

rejection of risk preferences as just being a nuisance parameter. It recog-
nizes that for some general “principal-agent” settings, the principal may
have a keen interest in how well the agent manages the risk of choosing
over alternatives that are difficult to evaluate cognitively. In other words,
the ability to manage risk, when it matters to the agent and involves mak-
ing cognitively challenging inferences, may be exactly what the principal
wants to evaluate. It is certainly what we want to have our surgeons and
ER physicians evaluated on, to take some striking examples; in fact, there
is a myriad of executive tasks undertaken by agents, where good manage-
ment of risk in the face of cognitive challenge is as important as the “raw
processing ability” of meeting the challenge. An immediate application



714 journal of political economy
of this approach with our data was the evaluation of the welfare cost to
the respondent of forcing them to submit their modal belief as if it rep-
resented their entire belief.58
C. Intrinsic Motivation
As economists, in conducting experiments, we focus on measures of in-
telligence as demonstrated under controlled incentives. This is often
contrasted in the literature with a construct referred to as “intrinsic mo-
tivation.” The idea is that people’s choices may be influenced by goals or
values that they bring into the lab and that continue to motivate them
after they learn about the incentives provided by the experimenter. For
an example directly relevant here, subjects confronted with cognitive puz-
zlesmight prefer reporting correct answers to incorrect ones regardless of
the experimental protocol that determines their earnings.
The everyday semantics of “intrinsic” might misleadingly suggest that

such motivations are fundamental, in the sense of being more basic than
the experimental incentives, and in that sense strictly independent of ex-
perimentally controlled incentives.Thecognitivescience literature,however,
is largely unfriendly to this general model of human motivation (Chater
2018). There may be no fundamental motivations in an intensely socially
malleable species such as humans. The relevant sense of intrinsicmotivation
for our purposes is simply an incentive we do not observe, and do not con-
trol, that might interact with those we do manipulate through the QSR.
The possible influence of such motivations might explain our main

finding with respect to the comparative efficiency of women’s and men’s
behavior in our experiment. Suppose that many subjects both want to
maximize their earnings and report uniquely “correct” answers. In that
case, it is an open possibility that, perhaps due to gendered socialization
histories, men are more strongly influenced by the second motivation,
relative to the first motivation, than women are. This hypothesis cannot
be evaluated based on our experiment. However, the hypothesized mech-
anism is observable in principle and could be examined in a follow-up ex-
periment with treatments to separate the financial motivation from the
speculative “intrinsic” motivation.
D. The Elicitation of Beliefs
The ex ante elicitation of subjective beliefs is at the core of the approach
to measurement of intelligence, competitiveness, and literacy that we
58 The need for careful treatment of nonlinear utility in the use of scoring rules is also
stressed by eminent commentators Kadane, Lindley, and Murphy of Winkler (1996, 37,
38 ff., 42).
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propose. As it happened, the pattern of RAPM responses we observed
could generally be safely evaluated without attending to risk preferences.
But in general this is not the case, so we must recognize how to deal with
risk preferences when recovering beliefs.59 There are three ways to elicit
beliefs that address, or explicitly ignore, risk preferences, each with
strengths and weaknesses for different applications.
FollowingManski (2004), belief distributionsmight be elicited usinghy-

pothetical surveys. The key feature here is the absence of any incentives
for responses. The advantage of this approach is that it is cheap, easier
to explain to subjects, easier to implement in software, allows questions
about events that cannot be verified, and does not need to attend to risk
preferences since there are no (risky) consequences. Considerable atten-
tion has been paid to themanner in which belief questions are presented,
particularly in field settings; see Delavande, Giné, and McKenzie (2011).
The disadvantage of this approach is that the results might exhibit hypo-
thetical bias, and it is easy to document that this bias can be a significant
one (Harrison 2025).What “hypothetical bias”means here is that one gets
different results, usually on a between-subjects basis, when asking the same
question with no incentives compared to asking with incentives. In the
nature of subjective beliefs, there is no true answer that one can look to:
fidelity with some objective outcome is no metric of value here, unless
one wants to impose some “rational expectations” constraint on beliefs,
which we do not. So the expression “hypothetical bias” is just a shorthand
for the results being different with and without incentives and the prior
that incentivized responses are likely to reflectmore effort and willingness
to respond truthfully thannonincentivized responses. Although this is our
prior, we appreciate that others might not share it.
For us, the primary remaining advantage of hypothetical elicitation is

the ability to ask questions about nonverifiable events. For example, if
someone is interested in longevity risk, one could ask a series of incentiv-
ized questions about how long the subject thinks people in their country
will live, or someone with their gender, or someone with their gender and
race, or someone with their gender, race and income level, and so on.
Each of these could be incentivized with respect to official mortality
tables. But then a question about how long the specific subject will live
cannot be so incentivized and is what we might be interested in. To take
this example, we would ask all of the incentivized questions and then one
nonincentivized question and evaluate the bias and confidence of all but
the last in relation to verifiable data. This would then give us a prior on
59 Striking examples of the potential importance of the effect of risk preferences on re-
covered beliefs are easy to find for the beliefs about ranks in the two “competitiveness”
tasks in which the subject’s earnings depend on having the best piece-rate score or tourna-
ment score. Figures C1–C6 in app. C document this point for two subjects.
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the bias and confidence for the final hypothetical question. In this manner,
we see hypothetical and incentivized belief questions as complementary.
A second approach to belief elicitation starts by recognizing that risk

preferences affect the rational responses of subjects to the popular scor-
ing rules but that risk-neutral subjects should rationally report their
beliefs. Hence, one can append an experimental payment procedure,
called the binary lottery procedure (BLP), to “risk-neutralize” the re-
sponses of the subject and view reports directly as beliefs. The BLP was
developed by Smith (1961) and has been widely used in various settings
in which risk preferences are a confound, such as the bargaining exper-
iments of Roth and Malouf (1979). The first statements of this mecha-
nism, joining the QSR and the BLP, appear to be Allen (1987) and
McKelvey and Page (1990). Hossain and Okui (2013) and Schlag and
ven der Weel (2013) examine the same extension of the QSR, along with
certain generalizations, renaming it a “binarized scoring rule” and “ran-
domizedQSR,” respectively. Harrison et al. (2015) evaluated theQSRwith
the BLP in terms of the elicitation of subjective belief distributions, not
just some summary statistic of that distribution. Harrison and Phillips
(2014) applied thismethod to elicit the beliefs about financial risk by chief
risk officers ofmajor companies, all of whomhad advanced training in sta-
tistical and actuarial methods.
The clear strength of this approach is that it allows the reports of the

subject to be evaluated directly as beliefs, under the maintained assump-
tion that the BLP works as advertised by theory. The disadvantage is that
it adds an additional layer of understanding for subjects when it comes
to translating earnings in the QSR into cash.60 In our experience, docu-
mented in Harrison, Martínez-Correa, and Swarthout (2014), Harrison
and Phillips (2014), and Harrison et al. (2015), this is relatively easy to
overcome: one simply defines all earnings from theQSR in terms of points
rather than a natural currency and then adds a paragraph at the end
60 Although there are some studies showing the apparent failure of the BLP in other set-
tings, that evidence is not as compelling as many claim; see Harrison et al. (2013) for a crit-
ical literature review. The claim by Danz, Vesterlund, andWilson (2022) that the QSR using
the BLP fails metrics of “behavioral incentive compatibility” is premature. They explicitly
assume that subjects correctly understand the objective likelihoods the experimenter in-
duces. They correctly note that the real “challenge for examining whether information
on the mechanism’s quantitative incentives encourages truth telling is that we do not know
participants’ true beliefs.” But they then take the extreme metric of “reports of the objec-
tive prior as truthful (subjective beliefs). This true/false terminology is chosen for clarity
and does not imply that all participants are assumed to understand that the objective prior
is the true likelihood” (Danz, Vesterlund, and Wilson 2022, 2853). So they are testing some
variant of a rational expectations model of subjective beliefs jointly with the incentive com-
patibility of the QSR using the BLP applied to the prior subjective beliefs subjects might
hold, and they are not just testing the latter hypothesis.
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explaining how points get turned into cash using the BLP.61 Nonetheless,
there aremany settings in which onedoes not want to assume understand-
ing of the BLPmechanism, particularly for less formally literate field pop-
ulations who, in our experience, can be wary of “sophisticated,” indirect
payment protocols.
The third approach is to just implement some scoring rule, such as the

QSR, pay the subjects the stated rewards in a natural currency, and use
independent measures of risk preferences to rigorously recover the be-
liefs that led to those reports (Andersen et al. 2014a) and Harrison,
Monroe, and Ulm 2022). The strength of this approach is that it allows
the subject to see the monetary bets that her reports are generating, just
as if she was placing bets with a series of bookies at some sporting event.
This framing of the reports as bets is mademore transparent with the use
of real-time interfaces of the kind we use, developed by Harrison et al.
(2017). Early implementations of the QSR relied on subject’s under-
standing algorithms or squinting at long numerical tabulations of poten-
tial payoffs, but those have not been used for decades.
The weakness of this approach is that one must account for the effect

of risk preferences on stated reports. This requires one additional task
be conducted to elicit risk preferences, some econometrics to infer risk
preferences at the individual level, and the recovery of beliefs once one
has those estimated risk preferences in hand, as illustrated by Harrison,
Monroe, and Ulm (2022).
In summary, we see the second and third approaches as the most at-

tractive, and complementary, and have used both in different settings.
They trade off the “extra work” needed to rigorously identify subjec-
tive beliefs. The second approach effectively puts that burden on the
subject, and the third approach effectively puts that burden on the
experimenter.
E. Calibration and the Evaluation of Beliefs
When evaluating the beliefs of a decision-maker ex post, it is common to
propose metrics based on some notion of the “long run” consistency of
subjective beliefs with objective realizations of events.62 Referred to as
61 We avoid the use of “experimental currencies” and a stated exchange rate between
those currencies and some natural currency. This device is often used to just scale up re-
wards in some framed experimental currency, with the hope that this motivates subjects
better. This procedure risks the confound of money illusion: if the subjects do not suffer
from money illusion, the procedure adds nothing to incentives in terms of the natural cur-
rency, but if they do suffer frommoney illusion, the experimenter has lost control of incentives.

62 Consistency is usually defined for some binary event E, e.g., the prediction of rain to-
morrow, as in Budescu and Johnson (2011). Then conditional consistency is evaluated by
comparing the forecast probability by individual i of the event j occurring, P(Eij jCij 5 c),
where Cij is the forecast probability, Eij is the event j forecast by individual i, and c is some
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“calibration,” the idea is that individuals who are less calibrated have, in
some sense, inferior forecasting abilities. In relation to our approach,
calibration can be viewed as promoting the idea of accuracy as an appro-
priate metric for evaluation rather than, as we propose, efficiency de-
rived from expected earnings of reports, or ideally welfare.
Calibration is usually introduced in the context of a binary event, such

as the trusty weather forecaster being asked whether it will rain in a given
city tomorrow. Presumably “rain” is when there is some minimal, agreed
precipitation level over some agreed, specific locations. One immediate
problem with binary events is that it is not possible to tease apart bias
from an inappropriate variance, where “appropriate” for us means a
comparison to the Bayesian posterior variance.63 There are many other,
well-known conceptual reasons for wanting to avoid notions of calibra-
tion, even in the binary case, and particularly to avoid the normative
notion of using information on miscalibration to correct beliefs (e.g.,
Seidenfeld 1985) and Kadane and Fischhoff 2013).
For subjective beliefs elicited over continuous events, it is possible to

tease apart bias from an inappropriate variance. For this reason, such set-
tings are ideal for tests of the behavioral evidence for Bayesian updating,
allowing “confidence” to be defined in terms of the variance of beliefs
rather than the presence of a bias (e.g., Harrison and Swarthout 2025).
Alpert and Raiffa (1982) extended the notion of calibration to this set-
ting, by examining whether or not the interquartile range of beliefs oc-
curred 75% of the time and whether there were any realizations outside
the range of beliefs with positive subjective probability.
In our case, subjective beliefs are probability mass functions defined

over three or more alternatives that are not even ordered. One could still
construct some calibration metric, such as evaluating whether modal be-
liefs occurred with the subjective probability assigned to the mode(s) or
whether any alternative occurred that had been assigned zero subjective
probability. But at this point, the idea that some simple “calibration met-
ric” can be devised becomes problematic. And the general conceptual
reasons for wanting to avoid notions of calibration remain.
realized value for the forecast. By collecting a number of forecasts for a given individual i
for the value c, or nearby values, miscalibration is revealed when P(Eij jCij 5 c) ≠ c. Uncon-
ditional miscalibration can also be evaluated and revealed when P(Eij) ≠ Cij .

63 A Bernoulli distribution is defined by the parameter p for the probability of success,
with mean p and variance p(1 2 p). With Bayesian methods, the estimate for p is a random
variable with a mean and variance, typically characterized by a beta distribution. But this
does not lead to the variance of the Bernoulli realizations being independent of the mean
of the realizations. The same is true for the Binomial distribution defined over multiple
trials.
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F. Normative Implications
Although motivated responses are the only ones we care about, the pos-
sible effect of financial motivations has important implications for the
way in which intelligence scores are interpreted and used. Our perspec-
tive is that the responses we see in intelligence tests come from a cogni-
tive production function that takes as input effort, prior knowledge of
heuristics, experience with logic, subjective valuation of time, and risk-
management skills.64 The fact that there is always some opportunity cost
to applying effort or time is enough for us to see that financial incentives
might matter. Any effect of financial incentives is viewed as confounding
by some, because they would like tomeasure intelligence in a context-free
manner, in the hope that themeasure in question might apply invariantly
across contexts.65 This ambition would be feasible if intelligence were a
simple function of something like “raw cortical processing power,”with ef-
fects that are not conditional on varying environmental affordances. But
cognitive science rejects that view (Flynn 2007; Sloman and Fernbach
2017). We submitted it to test.
The deeper normative issue, for us, has to do with what one provides

incentives for, rather than whether one should provide incentives at all.
Our primary contribution is to expand the notion of incentives, as ap-
plied in the measurement of (fluid) intelligence, and then to the mea-
surement of literacy and the measurement of the willingness to compete.
We expand the notion of incentives to explicitly include incentives to re-
port the appropriate level of confidence in some proposition that reflects
subjective beliefs of the individual. And we expand the notion of incen-
tives to explicitly account for the role of risk preferences in making deci-
sions that involve subjective risk.
We do not assume that the individual is unbiased in responses about

beliefs or even has the appropriate level of confidence suggested, say, by
the correct application of Bayes’ rule. On the contrary, we want to study
any such biases or deviations from Bayesian posterior distributions in
terms of variance (or higher-ordermoments) in order to normatively eval-
uate observed behavior toward risks.
The broader implications for the evaluation of policy programs of rig-

orously extending traditional tests of intelligence (or literacy or compet-
itiveness) to allow for confidence remain to be documented. Evidence
64 Camerer and Hogarth (1999) provide an explicit statement of this perspective on
“produced” cognition. Major elaborations to estimate the multistage production function
for cognitive and noncognitive skills have been provided by Cunha and Heckman (2007,
2008) and Cunha, Heckman, and Schennach (2010).

65 Cawley et al. (1997) directly challenge claims about the immutability of measures of
cognitive ability, stemming from the debates over The Bell Curve of Herrnstein and Murray
(1994). And Cawley, Heckman, and Vytlacil (2001) stress how problematic it is to rigorously
tease apart the tight correlation of schooling and measures of “innate” cognitive ability.
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has already been accumulating about the importance of augmenting tra-
ditional measures of intelligence with measures of skills that
66 The id
which risk-
“points” th
allows the p
concave or
are often defined and measured in terms of work habits, such
as effort, discipline, and determination, or in terms of behav-
ioral traits, such as self-confidence, sociability, and emotional
stability. No single factor has emerged in the psychological lit-
erature and it is unlikely that one will be found, given the diver-
sity of traits [involved]. (Ter Weel 2008, 729)
The evidence that these additional skills, even with traditional measures
of intelligence, help to understand labor market outcomes and behavior
over the life cycle is now established; see, for example, Borghans, Ter Weel,
and Weinberg (2008), Ter Weel (2008), Heckman, Pinto, and Savelyev
(2013), and Heckman and Kautz (2014). Again, we do not see our pro-
posal to rigorously augment measures of intelligence (or literacy or com-
petitiveness) as a substitute for the measurement of these additional skills
but as a complement.
Extending this idea, it is formally possible to induce any level of risk

preferences that an agent might face.66 In this manner, the principal
can evaluate how the agent manages risk preferences that the principal
cares about, which need not be risk neutrality or the homegrown risk
preferences of the respondent. Again, the reason for this choice is that
the principal cares about how the agent manages risk, since that is a part
of communicating beliefs about the best choices when facing cognitive
risk. The same logic extends to considering all of the economic conse-
quences to the principal when designing scoring rules for managerial
decision-making (Murphy 1966; Pearl 1978).
G. Origins of the Concept of Scaffolding
Scaffolding has been defined generally by Clark (1997, 45) as “exploita-
tion of external structure” in information processing by an agent. Clark
(2003, 2011) provided the most influential consolidation, which has
been taken up by most cognitive scientists, of the idea that animals with
relatively complex central nervous systems carry out some, or indeed
much, of their thinking by manipulating aspects of their physical envi-
ronments. This is partly a means of experimentation to refine conjec-
tures about relationships, but more fundamentally it directly amplifies
ea is simple but difficult to implement. Berg et al. (1986) extended the BLP,
neutralizes responses, to allow for a nonlinear exchange rate between the
at define the binary probability lottery chances of a bigger prize. This extension
rincipal or experimenter to induce risk-averse or risk-loving preferences with
convex exchange rate functions, albeit with added complexity for subjects.
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an agent’s intelligence by formatting presentations of information in
ways that make it easier to cognitively model (Dennett 1996). In a classic
example due to Kirsh and Maglio (1994), people cannot solve problems
in the video game Tetris without actively engaging with the game. Thus if
Tetris play is used, as it occasionally has been, to proxy intelligence as pat-
tern recognition, a test subject equipped with a working interface would
be assigned a much higher score than a test subject who lacked access to
this scaffolding. External structure for scaffolding is not limited to phys-
ical tools and includes language and socially evolved concepts, as stressed
by Vygotskij (1962) and Bruner (1968). Dennett (1991, 1996) argued that
language is the most ubiquitous and fundamental scaffolding technology
for humans: each person encounters it as an already evolved technology
that she must learn to use and without whichmanifestation of basic social
intelligence is impossible.
The first clear statement of what is now thought of as scaffolding

comes from the critiques by Dreyfus (1965, 1972) of the so-called “clas-
sical” approach to artificial intelligence (AI). The attack on AI was aimed
at the idea that we could design AI systems that contained all of the in-
formation they needed and just had to “look up” this information when
making a decision. Intelligent systems, Dreyfus argued, must be embed-
ded in, and learn on the basis of, dynamic interaction with external
environments.
Bruner (1968) picked up the ideas of Dreyfus (1965) and applied

them to developmental learning by children. This extension was an im-
portant widening of the notion of scaffolding to include social interac-
tions, although not requiring that the external context be social. This ex-
tension is important for another reason: it allows us to see how scaffolds
need not always be Pareto improvements, even if they are costless to im-
plement. For example, consider the use of the word “boat.” Suppose the
socially accepted definition of a boat required that it be made of wood,
drawing on historical precedent from when all boats were wooden. Then
when someone comes along to suggest making a steel boat, they might
encounter a chorus of complaints that “that is not a boat!” This restricted
concept of a boat, as a scaffold, might, at least for a time, inhibit anyone
from drawing inferences from the history of wooden boats to help inform
the design of steel boats.
The idea of “embodied cognition” from Dreyfus, now central to cogni-

tive science generally (Shapiro 2014), refers to two different aspects, only
one of which is related to scaffolding. The unrelated item is a generaliza-
tion of the idea of “muscle memory.” The related item is knowledge that
we build into artifacts, so that we can then “forget” it. For example, users
once knew how to program their word processors, but most no longer do
because the knowledge is “embodied” in the interface. So this sense of em-
bodied cognition is a form of scaffolding.
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Almost all controlled experiments in economics entail the use of some
scaffolds, because of the use of language to convey questions and possi-
ble responses. A particularly striking example in time discounting exper-
iments arises when one tells a subject the interest rates implied by their
choices between “smaller, sooner” amounts of money and “larger, later”
amounts of money (e.g., Andersen et al. 2014b), who study the effect of
removing this scaffold on elicited discount rates). Individuals have vary-
ing field experience with what interest rates are and, hence, treat that
information as a scaffold to varying degrees. Indeed, the history of be-
havioral economics, particularly when focused on framing anomalies,
is largely about manipulating, in a controlled manner, the nature of
the scaffolding provided to subjects. An open issue, which is a major
theme of the comparison of lab and field experiments, is whether behav-
ior in the context of artifactually provided scaffolds is the same as behav-
ior in the context of natural scaffolds, including scaffolds that are endog-
enously sought out by agents (e.g., checking Google or Wikipedia). In a
related vein, there is some evidence that humans process probabilities
better when they are presented as “natural frequencies” rather than as
probability statements, reflecting the intuition that humans have used
frequencies more generally over time as a scaffold than they have used
probabilities (e.g., Gigerenzer and Hoffrage 1995).
Scaffolding can both promote and detract from efficiency, depend-

ing on the context. Hutchins (1995) provides the most richly detailed
and extended case study, of a trained crew operating an aircraft carrier.
But socially intelligible thought—and therefore most of what anyone has
meant by “human intelligence” on any rigorous conceptualization—is im-
possible without it.
V. Conclusions
Intelligence tests, and measures of cognition more generally, are typically
applied under the maintained assumption that salient incentives do not
matter or are somehow always sufficient in the form of uncontrolled in-
centives to encourage responses that reliably reflect individual attributes.
Perhaps it is implicitly assumed that people are naturally and typically
motivated to demonstrate their full cognitive potential whenever they are
told it is being probed; we return to this assumption below. Remarkably,
there is very little evidence on these issues for complete measures of fluid
intelligence such as the Raven Advanced Progressive Matrices test, despite
the widespread use by economists of cognitive attributes “on the right-
hand side” of regressions.67 We provide controlled evidence that the level
67 As noted earlier, this general point has been recognized in literature reviewed by
Borghans et al. (2008), Borghans, Meijers, and Ter Weel (2008), Segal (2012), and Chen
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of salient incentives matter for those measures. Individuals exhibit more
fluid intelligence in the test we use when financially motivated. We have
no prior that the effect of incentives on performance is likely to be iden-
tical across individuals.
Critically, intelligence tests and measures of cognition do not account

for the confidence with which individuals report responses. At best, they
reflect modal beliefs about the possible alternative responses. We have
no prior that the mode is likely to reflect the belief distribution or even
the central tendency of the distribution.
There has long been evidence that individuals’ general confidence in

their attributional judgments varies across cultures with the extent to
which culture-specific learning encourages people to attend to context
(Gudykunst and Nishida 1986). Context invariably includes social scaf-
folding and typically some asocial scaffolding as well. Variance in such
cultural learning is widely regarded as among the sources of cognitive
inequality within cultures that motivates increased social investment in
early childhood education for children from disadvantaged households.68

In fact, our elicitation interface itself is our general scaffolding treat-
ment, as noted earlier. Dennett (1991, 218–24) argues that the most im-
portant and basic scaffolding for the kind of intelligence that is distinc-
tive to humans is the regular requirement we face to format our thoughts
for presentation to, and for comprehension by, other people.When we al-
lowmore than one token to be assigned, our interface requires subjects to
format their thoughts in terms of confidence reports. This makes them
smarter on average—the interface is not merely making “preexisting” in-
ner intelligence observable to us.
The effects of our interface, particularly for women and Blacks, is sharp

evidence of the manner in which different scaffolds and context contrib-
ute to the cognitive inequality in cultures. Our striking result about the su-
periority of women with the correct measurement of fluid intelligence
generalizes to measures of the “competitiveness” of women and measures
of their financial literacy. In each case, there are claims that women ex-
hibit insufficient confidence in their behavior, andwe show that these con-
clusions are due tomeasurement being based on observable performance
metrics that have nothing to do with earnings efficiency and welfare.
Fundamentally, we encourage recognition that the production of in-

telligence and cognition in general requires attention to the confidence
of beliefs, as stressed by Savage (1971, 800). If someone is to have a derived
demand for costly cognitive scaffolds with which to produce intelligence
et al. (2020). We do not know of any evidence for complete batteries in the domain of fluid
intelligence.

68 For example, see Heckman (2013) and Levitt et al. (2016).
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and cognition, they need to be aware that scaffolds could be valuable to
them.
Data Availability
Code replicating the tables and figures in this article, as well as documen-
tation for the software used to conduct the experiments, can be found in
Harrison, Ross, and Swarthout (2025) in the Harvard Dataverse, https://
doi.org/10.7910/DVN/IZQOI6.
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