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Abstract

Human behavior is modulated by financial incentives, but it is
not well understood what types of behavior are immune to in-
centive and why. The cognitive processes underlying behavior
appear to create restrictions on the effect an individual’s moti-
vation will have on their performance. We investigate a classic
category learning task for which the effect of financial incen-
tives is still unknown (Shepard, Hovland, & Jenkins, 1961).
Across four renditions of a category learning experiment, we
find no effect of incentive on performance. On a fifth experi-
ment requiring category recognition but not learning, we find
a large effect on response time and small effect on task per-
formance. Humans appear to selectively apply more effort in
valuable contexts, but the effort is disproportionate with the
performance improvement. Taken together, the results suggest
that performance in tasks which require novel inductive in-
sights are relatively immune to financial incentive, while tasks
that require rote perseverance of a fixed strategy are more mal-
leable.
Keywords: categorization; inductive reasoning; motivation;
learning; behavioral economics

Introduction
Human behavior is powerfully shaped by incentives. Finan-
cial rewards in particular have an integral role in culture and
society, dictating punishments for improper behavior or moti-
vating capitalizing behavior. In this paper we explore the con-
sequences of changing incentives on cognitive performance.

While incentives are powerful at shaping behavior, humans
are not only guided by incentives but are also limited by their
cognitive capacities. High incentives thus do not correspond
linearly with unaided performance, since behavior relies on
many cognitive skills that a person may not be able to vol-
untarily augment. For example, a job offer to receive a mil-
lion dollars to memorize the dictionary in a week would not
encounter many successful applicants. Understanding what
types of behavior are or are not easily modified with reward
and incentives has several important implications at the level
of policy and society.

A review from Camerer and Hogarth (1999) of 74 studies
successfully conveys the complexity of the relationship be-
tween incentives and performance. They suggest that incen-
tives are more effective in tasks that depend on effort, when
it is often the less effortful but cognitively complex tasks that
psychologists and economists find most interesting.

Recent work suggests that cognitive processes like atten-
tion and effort can be modulated by incentive. DellaVigna
and Pope (2018) show that effort, measured by number of

button presses, increased substantially with higher probabil-
ity and magnitude of payment. Additionally, Caplin, Csaba,
Leahy, and Nov (2020) demonstrate how attention can be in-
centivized in simple perceptual tasks (e.g., counting the num-
ber of 7- versus 9-sided polygons in a crowded display). Per-
formance and the time participants spend on the task scales
with the point value of each trial.

However, there are also behavioral tasks that appear to be
surprisingly immune to the effects of incentive. When test-
ing whether people are less susceptible to cognitive biases
when incentives are high, Enke et al. (2021) found that while
response times increased substantially in a high stakes condi-
tion, there was only a weak effect on reducing cognitive bi-
ases. Similarly, van den Berg, Zou, and Ma (2020) found no
effect of incentive on visual working memory performance.
Even though these tasks rely on elements of cognition like at-
tention and effort, it is evident that the reward modulation of
higher-order cognitive function is potentially more nuanced.

Understanding these differences is an important frontier for
cognitive research. First, to the degree that certain cognitive
processes can be modulated by incentives, most models of hu-
man cognition do not precisely account for these effects. One
exception is the recent work on “resource rational” theories
of cognition which try to explicitly weight the cognitive cost
of various more elementary cognitive operations against the
benefits to task performance (Gershman, Horvitz, & Tenen-
baum, 2015; Shenhav et al., 2017; Bhui, Lai, & Gershman,
2021). Second, understanding which types of tasks respond
to incentives and which do not may help us understand ways
to encourage better cognitive performance from athletes, stu-
dents, and the general public.

Incentives and Rule Discovery
Rule discovery is a ubiquitous and ongoing human task (e.g.,
categorizing effective from ineffective COVID-19 masks),
and also reflects the type of creative problem solving that is
required in many professions. Successful rule learning, par-
ticularly for complex rules and patterns, requires coordination
of several cognitive processes including attention, working
memory, reasoning, and decision making.

In the current study, we investigate the effect of financial
incentive on performance in a classic category learning rule
discovery task known as the SHJ task for the initials of the
lead authors (Shepard et al., 1961). In the task, participants
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Figure 1: The eight cards differing in three feature dimen-
sions: shape, size, and color. Across different conditions sub-
jects learn through experience that half of the stimuli belong
to the same group and are asked to discover the rule that de-
termines group membership.

must attend to relevant stimulus features to correctly distin-
guish two groups of objects. For the same eight stimuli (see
Figure 1), different group assignments of the stimuli varies
the difficulty of the task, as some categorizations are learned
more quickly than others. Although participants could simply
memorize the category memberships for the eight stimuli no
matter the grouping, a classic and highly replicated finding is
that humans rely on inductive biases to find an explanation of
the categorization based on simple descriptions of stimulus
features (Kruschke, 1992; Nosofsky, Palmeri, & McKinley,
1994; Love, Medin, & Gureckis, 2004; Goodman, Tenen-
baum, Feldman, & Griffiths, 2008).

Although this task has been replicated and tested many
times, it is still unknown how incentives will change cate-
gory learning behavior. Intriguingly though, one recent pa-
per examining methods for obtaining high quality data from
Amazon Mechanical Turk (mTurk) found no effect of chang-
ing the magnitude of incentives on category learning perfor-
mance in a subset of the SHJ categorization tasks (Crump,
McDonnell, & Gureckis, 2013). Here we aimed to perform
a more systematic evaluation of incentives on category learn-
ing behavior that better controlled the rates and sizes of task
payments inspired by recent work in economics on theories
of rational inattention (Caplin et al., 2020).

Experiments
Stimuli
Figure 1 displays the eight cards used in the experiment, each
of which contains an object with a particular shape (square
or triangle), size (large or small), and color (white or black).
The eight stimuli can be divided into two equal groups a total
of 70 unique ways (calculated with

(8
4

)
). Each of these 70

groupings fits into one of six rule types described by Shepard
et al. (1961), which differ in the number of stimulus features
required to define the rule. For example, a Type I rule varies
the group along a single feature dimension, giving a rule like
“Large objects are in group A and small objects are in group
B.” A Type II rule groups the stimuli along two feature dimen-
sions; for example, “Black triangles and white squares are in

Figure 2: In the learning phase of the experiment, participants
guess the category membership of each card and receive feed-
back on each trial.

group A.” Rule Types III, IV, and V rely on all three features,
and allow a “rule-plus-exception” type explanation such as
“Large shapes are in category A, except for the white square.”
Rule Type VI applies to groupings that cannot be described by
a simple feature-based rule. In these cases, the group mem-
bership of each stimulus must be memorized, making Type
VI categorizations the hardest to learn.

Procedure
Experiments 1-4 derive their design from the classic category
learning task introduced by Shepard et al. (1961). During a
learning phase, subjects use trial-and-error to actively learn
the assignment of eight stimuli into two groups. Immediately
after this phase, subjects perform a test in which they report
the group membership of each stimulus once. The experi-
ments below all retain this same basic structure but differ in
the number of trials in the learning phase, the modality of
the financial incentive, and whether the manipulations were
between- or within-subjects.

Participants were recruited via Amazon mTurk, and the ex-
periment was restricted to users in the United States. The task
was designed in JavaScript and delivered to the participants’
browser via psiTurk (Gureckis et al., 2016). Subjects received
a base payment that corresponded with the expected length
of completing the task at a rate of $0.15 per minute, and
could receive a performance-based bonus of up to $10. To
determine whether or not they would receive the bonus, sub-
jects generated a random number between 0 and 99 by paus-
ing a clock on screen with time shown to the milliseconds,
which was compared to their bonus probability (explained in
detailed in Methods, Exp. 1). We emphasized the random
nature of the bonus following the procedure of Caplin et al.
(2020) to minimize expectations of deception from the exper-
imenters.

Participants underwent a rigorous instructions phase fol-
lowed by a comprehension check to ensure their complete
understanding of the task and incentives before beginning the
task. Although participants were asked not to take notes or
pictures during the experiment, we also asked them to hon-
estly report at the end if they had used any memory help,
knowing that their payment would remain the same regard-
less of their response. In addition to these participants ex-
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Figure 3: Left: Experiment 1 performance by rule type con-
dition across all trials (both learning and test phase). Per-
formance is percent correct across all learning and test phase
trials. A gray dashed horizontal line shows performance at
chance. Right: Experiment 1 test phase performance by in-
centive condition for the six rule types. Performance is mea-
sured only on test phase trials. Both: Error bars show 95%
confidence intervals.

cluded due to admission of using external memory aids, sub-
jects were also excluded if they encountered an error in the
experiment that prevented completion.

Analyses
We use a Bayesian logistic regression model to predict the
probability of a correct response as a function of incentive and
rule type. The posterior was estimated with Markov Chain
Monte Carlo (MCMC) sampling in the Bambi python pack-
age (Capretto et al., 2020). To fit each model, four MCMC
chains each ran 2000 samples, the first half of which were dis-
carded. The results sections report mean estimates x̄ for pre-
dictors of performance, and median estimates Mdn and MAD
values for nonzero predictors on linear regression response
time (RT) models. We also report 94% Highest Density In-
tervals (HDIs) for the relevant model parameters.

Experiment 1 - Between Subjects Manipulation of
Incentives
In Exp. 1, subjects learn one of six rule types at one of three
incentive levels (low, medium, and high) with a completely
between-subjects design. If learning performance in the task
is modulated by incentive, we expected to see an increase in
performance for subjects in higher incentive conditions at the
same rule type.

Participants Exp. 1 tested 418 subjects across 18 condi-
tions, not including 6 subjects who admitted to using external
help. The task took approximately 15 minutes and subjects
were paid a $2.25 base rate for their time, with the chance of
earning a $10.00 bonus depending on their performance.

Methods and Design Exp. 1 tested all six rule types at
three different incentive levels (18 conditions). The design
was completely between-subjects to avoid learning effects
across blocks. In Exp. 1, the learning phase consisted of 16
trials (two repeats of each stimulus in a random order). Partic-
ipants were instructed that the purpose of the learning phase
was simply to learn the groupings and did not determine their
bonus. Their performance in the test phase determined the

Figure 4: Performance on the test phase trials across condi-
tions for the four category learning experiments.

chance of winning the bonus.
The instructions explained how better performance on the

test would increase their chance at winning a $10.00 bonus.
To make the probabilistic nature of the incentive clear, we
explained the probabilities in terms of pulling a marble out
of a bag: ”Imagine a bag full of red and blue marbles. We
pull out a marble at random. If the marble is blue, you win
the extra $10. If the marble is red, you receive only the base
payment.” Depending on the incentive condition the subject
was assigned to, they would be shown a certain number of
red marbles in the bag. Performance above chance on the test
phase could turn some of the marbles in the bag blue, thus in-
creasing their chance at winning the bonus. Since there were
eight questions on the test, chance performance would mean
getting four correct. Therefore, we replaced a red marble with
a blue marble for each correct answer beyond chance per-
formance, with a maximum possible four blue marbles to be
earned if participants answered all eight questions correctly.
If participants answered four or fewer of the eight test ques-
tions correctly, all of the marbles would remain red, meaning
they had no chance to win the bonus.

The three incentive conditions differed by the maximal
probability of winning the bonus, which we represented by
changing the total number of marbles in the bag. The low,
medium, and high incentive conditions showed 64, 8, and 4
marbles in the bag respectively. If a subject performed per-
fectly on the test and turned the maximum four marbles blue,
this would correspond to a bonus probability of 6.25% in the
low incentive condition, 50% in the medium incentive condi-
tion, and 100% in the high incentive condition. Correspond-
ingly, each correct answer above chance was worth approx-
imately 1.6%, 12.5%, or 25% in the low, medium and high
incentive conditions respectively.

Results Our results replicate the main effect of rule on per-
formance from Shepard et al. (1961) (Fig. 3). A logistic re-
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gression with the six rule types and the incentive condition as
parameters confirmed that rule types II through VI had worse
performance compared to type I, with all five rule type param-
eter means estimated to be negative and their upper tail HDIs
falling beneath -0.09. Rule Type VI had the greatest effect on
performance with a mean of -0.265, HDI = [−.313,−.220].
Across all incentive conditions and across learning and test
trials, Type I was the easiest rule to learn and Type VI was
the hardest rule to learn. The other four rules fell in between
this range of difficulty. The model fit estimated a zero effect
of incentive on performance, HDI = [−.001, .001].

The right plot in Figure 3 shows participants’ performance
for the three different incentive conditions across the six
unique rule types. Although the expected value of perfect
performance in the high incentive condition was over fifteen
times larger than that of the low incentive condition, perfor-
mance stayed constant. Additionally, no meaningful patterns
were found in the types of errors participants made, such
as learning a simple type I rule even though they were as-
signed a type V rule (space constraints prohibit an extensive
report of those analyses). Response times on the test trials
for Rule Types II and IV, to compare with the other experi-
ments, are reported in Figure 5. A linear regression model
fit on the RT data confirmed no effect of incentive on RT,
HDI = [−12.8,12.1].

Experiment 2 - Additional Learning Trials

Given the null result of incentive in Exp. 1, we were con-
cerned that 16 learning trials was too few chances to ade-
quately learn the categories. The number of learning trials
had been selected to avoid ceiling effects on easier rule types
based on learning curves from Nosofsky et al. (1994), but it
may have created a floor effect on the more difficult rule type
conditions. Therefore, we doubled the amount of learning tri-
als for Exp. 2. In addition, we focused on Rule Types II and
IV, since these are both non-trivial but still incorporate rule
discovery unlike Type VI. Rule Types II and IV are qualita-
tively different, and previous work has shown Type II perfor-
mance to be better even when performance in Type III, IV,
and V problems is indistinguishable (Nosofsky et al., 1994).

Participants In Exp. 2, we collected 97 participants across
four conditions, not including 3 subjects who admitted to us-
ing external help. Because the length of the learning phase
had increased, we increased the base payment to $2.50.

Methods and Design Exp. 2 replicated the design of Exp.
1 but with the number of learning trials increased to 32, so
that participants saw four repeats of each of the eight stim-
uli during the learning phase. We gathered participants in
four conditions; two rule type conditions (type II and type
IV) crossed with two incentive conditions (low and high).

Results As in Exp. 1, we saw no effect of incentive on
performance in either of the rule conditions tested. The aver-
age performance by condition in Exp. 2 is shown in the top
right plot in Figure 4. A logistic regression fit on the Exp. 2

Figure 5: Median response times on the test phase trials
across conditions for the four category learning experiments.

data showed a near-zero negative effect of incentive on per-
formance, x̄ = −.002, HDI = [−.004,−.001]. There was a
marginal increase in RT as a function of incentive (top right
of Fig. 5), with a regression model estimating the coefficient
at a median of 14.8 (MAD = 9.1), HDI = [−3.8,30.7].

Experiment 3 - Manipulation of Reward Magnitude
Considering the null result from the first two experiments, we
were concerned about the complexity of the probabilistic na-
ture of the incentive. Perhaps subjects were uninfluenced by
the incentive manipulation because they did not understand it
or it did not seem meaningful. Not only is it possible that the
participants do not trust the legitimacy of the randomness de-
termining their winnings, but it is also challenging to convey
such probabilistic information about the gambles.

Participants In Exp. 3, we collected 93 subjects across
four conditions, not including 7 subjects who admitted to us-
ing external help. As in Exp. 2, the base payment was $2.50,
and subjects could earn a bonus of up to $0.64 if they were
randomly assigned to the low incentive condition, or $10.00
in the high incentive condition.

Methods and Design The methods for Exp. 3 are identical
to those of Exp. 2, with the conditions tested being a cross of
two rule types (II and IV) and two incentive levels (low and
high). However, the incentive was not represented as a num-
ber of marbles in a bag but instead as a magnitude value of
tickets that participants would earn for their correct answers
above chance on the test. Since random/chance performance
would generally get four of eight answers correct, subjects
earned one ticket if their test score was five, two tickets if
their test score was six, three tickets if their test score was
seven, and four tickets if their test score was eight. In the low
incentive condition, tickets were worth $0.16 each - the ex-
pected value of the 1.6% chance at $10 that correct answers
above chance were worth in Exp. 1 and 2. Subjects assigned
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to the low incentive condition could earn a maximum bonus
of $0.64. In the high incentive condition, tickets were worth
$2.50 each, allowing a maximum bonus of $10.00.

Results Even though there was a direct, certain relationship
between participants’ performance in the task and the magni-
tude of the bonus they would receive, performance did not
differ between the low and high incentive groups as shown
in the bottom left plot in Figure 4. The logistic regression
model results showed the average effect of incentive on per-
formance to be nearly zero with a mean of -.001, SD = .001,
HDI = [−.003, .001]. As in Exp. 2, the small increase in
RTs in the high incentive condition for Rule Type IV was not
robust (bottom left, Fig. 5). The model fit on the RT data
confirmed the lack of effect of incentive, HDI = [−9.0,36.4].

Experiment 4 - Within-Subjects Design

Previously, we had avoided within-subjects designs to prevent
the learning effects that could come with performing multiple
rounds of the category learning task. However, we were also
concerned that varying incentive between subjects possibly
increased variance due to between subject differences in sen-
sitivity to small magnitude payments. If we were able to ma-
nipulate incentive within subject, a single participant would
be able to see that incentive as a signal to devote more effort
and attention to the more valuable portions of the experiment.
The experiment that we used as a basis for our design, which
had found effects of incentive on attention and effort, also ma-
nipulated incentive within-subject (Caplin et al., 2020). As a
result, we expected that if the SHJ task was sensitive to a vol-
untary change in cognitive approach, this experiment would
finally reveal such an effect.

Participants Exp. 4 had 31 subjects, each of whom com-
pleted four game blocks. This total does not include 5 sub-
jects who admitted to using external help. The study took
about 30 minutes to complete and participants received a base
rate payment of $4.50 for their time. Participants were eligi-
ble to earn up to a $10.00 bonus based on their performance.

Methods and Design In Exp. 4, both rule type and incen-
tive were varied within subject. The four game blocks each
had a unique rule type and incentive pairing, crossing rule
types II and IV with a low and high incentive. As in Exp.
2 and Exp. 3, there were 32 learning trials in each game.
Performance was incentivized by increasing magnitude rather
than probability of reward, as in Exp. 3.

Participants took part in four consecutive games. In two of
the games, participants could earn “blue bonus tickets” worth
$0.02 each. In the other two games, participants could earn
“gold bonus tickets” worth $1.23 each. Each game followed
the procedure of the task in Exp. 3, such that participants
could earn up to four tickets in each game depending on their
performance in the test phase. This corresponded to maximal
earnings of $0.08 on the low incentive “blue ticket” games,
and $4.92 on the high incentive “gold ticket” games. Correct
answers in high incentive games were therefore over sixty

Figure 6: The computer display on each trial of the card cat-
egory recognition task of Experiment 5. The relevant rule is
shown at the top, as well as the number of points the partici-
pant will earn for a correct answer.

times more valuable than those in low incentive games. The
order of the games was randomized for each subject.

Results Although subjects now received more directly
comparable signals of the relative value of each trial, we
were surprised to see yet again no effect of the incentive
manipulation on performance (bottom right, Fig. 4). For
the Exp. 4 analyses, the mixed effects model incorporated
participant-level parameters to account for the within-subject
design. The null result was substantiated by the model fit
on the data, showing no effect of incentive on performance,
HDI = [−.040, .035]. If subjects did apply more effort only
on higher value portions of the experiment, this effort was
not visible in their performance. There was no substantial
increase in RT in the high incentive condition (bottom right,
Fig. 5), with the model parameter estimate overlapping zero,
HDI = [−2130.0,1466.7].

Experiment 5 - No Rule Discovery, Just Rule
Following
After this streak of null results for incentive (with multiple
robust replications of the original categorization effects from
SHJ), we wanted to restrict our design even further to be as
similar as possible to studies that found effects of incentive on
performance, such as Caplin et al. (2020). Our results so far
suggested that rule inference and category learning are not
influenced by incentive, in spite of many experiment varia-
tions. If we removed the requirement for subjects to execute
the complex strategy of inductive inference, would we then
see an effect of incentive on performance?

Therefore, we conducted a task that relied on simply using
a provided rule to categorize cards and determine whether
there were more instances of cards in Group A or cards in
Group B on the screen on a trial. The task would be more dif-
ficult for more complex rules, so we expected to see an effect
of rule type on performance as in the previous experiments.
However, the relevant rule would be provided to participants,
removing their reliance on inference and memory.

Oprea (2020) investigates what characteristics make rules
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Figure 7: Left: Exp. 5 mean performance by incentive condi-
tion - the number of points a trial is worth - for the three rule
types tested. A gray dashed horizontal line at 50% shows ex-
pected chance performance. Right: Exp. 5 median response
times by incentive for the three rule types tested.

complex, like the number of states a rule requires and the
amount of redundancy it permits. However, the implementa-
tion context is also a large factor in the complexity of a rule.
Oprea (2020) emphasizes that implementing rules mentally is
much more costly than implementing a rule physically; that
is, making an inference is significantly more challenging than
executing a strategy. The complexity of the rule will still af-
fect task difficulty, but this version of the task removes the
requirement to learn or discover a categorization rule.

Participants Exp. 5 collected data from 200 participants
across three rule type conditions. This total did not include
10 subjects excluded due to admitting to using outside help.

Methods The experiment was designed very similarly to
the polygon identification task in Caplin et al. (2020). Sub-
jects performed 40 trials in which their task was to identify
whether there were more Group A cards or Group B cards
on the screen (Fig. 6). Before each trial, the text describing
the rule was shown, and this text was also at the top of the
screen during each trial. Each trial showed 24 cards that were
sampled randomly from the eight stimuli such that 11 cards
were in Group A and 13 cards were in Group B or vice versa.
Thus the difference between the card group counts was kept
constant at 2 for every trial.

Participants could earn up to 200 points total across all tri-
als, with 2 trials offering 32 points for a correct answer, 3
trials offering 16 points, 5 trials offering 8 points, 6 trials of-
fering 4 points, 8 trials offering 2 points, 8 trials offering 1
point, and 8 trials offering 0 points. This distribution imple-
mented the design of Caplin et al. (2020) to examine a spread
of incentive values within each participant. Subjects were in-
structed that their chance at winning a $10.00 bonus would be
their final score minus 100, since chance performance would
correspond with a score of 100 points. For example, if a sub-
ject scored 165 points, they had a 65% chance at winning the
bonus. As in Caplin et al. (2020), subjects were not told how
many points they had earned until the end of the experiment.

Rule type was varied between subject, with each trial gen-
erating a randomized instance of that rule type. For instance,
a participant assigned to the Rule Type I condition might see
a “Small vs. large” rule in one trial and “Triangle vs. square”
rule in the next.

Results Figure 7 shows performance increasing with the
point value of the trials. This effect is largest for rule type 4
and smaller for Rule Types I and II. Our interpretation of this
result is that for easier rules, marginal effort generates suit-
able performance such that the base rate of correct answers is
higher even on the 0 point trials.

As with the other experiments, we fit a logistic regression
model to the performance data and a separate linear model to
the response time data. The models contained subject level
predictors to account for random within-subjects effects of
incentives. In the model predicting performance, the incen-
tive parameter estimation was greater than zero, with a mean
of .003 (SD = .001), HDI = [.002, .005]. From this result we
conclude that incentive has a positive effect on performance.

In Exp. 5, we also found substantial effects of incentive
and rule type on RT (Fig. 7). The incentive parameter in
the regression model fit on RT had a median value of 296.4
(MAD = 33.6), HDI = [202.8,392.9]. Compared to the Rule
Type I condition, participants spent longer on each trial in
the Rule Type II condition (Mdn = 5364.9, MAD = 1759.0,
HDI = [379.8,10135.3]) and Rule Type IV condition (Mdn=
8924.4, MAD = 1798.8, HDI = [3807.7,13344.3]).

Discussion

We find no evidence that category rule discovery is modu-
lated by incentives. However, a task that removes the require-
ment of rule discovery and instead demands only rule follow-
ing does show sensitivity to incentives. Although it is pos-
sible these results reflect a false negative or were underpow-
ered, one alternative hypothesis is that rule discovery tasks re-
quire flexible thinking and rely on working memory (Maddox
& Markman, 2010) which is known to have limited capac-
ity Cowan (2010) that cannot be arbitrarily modified by in-
centives (van den Berg et al., 2020). In contrast, more pro-
cedural forms of cognition (e.g., Exp. 5) may benefit from
increased attention, effort, and practice.

One interesting question that current study was underpow-
ered to detect is if incentives alter the types of inferred rules
in the discovery task. For example, low incentive participants
might err on the side of simpler rules. If so this would present
an interesting challenge for models of categorization which
generally lack mechanisms for linking motivation and incen-
tives to inferential processes (but see, Maddox & Markman,
2010).

The results from our five experiments shed light on dif-
ferent contexts in which human behavior changes with fi-
nancial incentives. One possible explanation of these results
are that strategies that rely on simple cognitive routines that
can be easily compiled and repeated are mutable, and can
be voluntarily controlled in the face of increasing incentives.
Meanwhile, humans are unable to improve the performance
of complex strategies such as rule induction that involve a
large space of possible hypothesis testing and learning steps
and must be implemented anew each time.
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