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31 Abstract
32 Frequency effects, defined as a bias toward more frequently rewarded but less valuable o
33 ptions, have traditionally been viewed as maladaptive decision-making deficits. In the present
34 study, we used a within-subject design in which participants completed a four-option
35 reinforcement learning task twice, once under a baseline condition and once with a reward
36 frequency manipulation, to test whether better baseline learning predicts greater or lesser
37 susceptibility to frequency-based biases. Participants were first trained on two fixed option pairs
38 and then transferred their knowledge to novel pairings in a testing phase. Across conditions,
39 higher training accuracy generally predicted higher testing accuracy, with one critical exception:
40 on trials where a more valuable option was pitted against a more frequently rewarded but less
41 valuable alternative, participants with higher training accuracy exhibited a stronger bias toward
42 the more frequent option. Moreover, baseline optimal choice rates in these specific trials were
43 unrelated to—and even slightly negatively correlated with—optimal choice rates under the
44 frequency condition. Computational modeling further showed that participants with better
45 baseline learning performance were better fit by frequency-sensitive models in the frequency
46 condition and they weighed frequency-based processing more heavily than value-based
47 processing. Overall, these findings suggest that frequency effects, rather than reflect flawed
48 learning, manifest more strongly in individuals with better baseline learning performance. This
49 seemingly irrational bias may, under conditions of uncertainty, represent a flexible, adaptive
50 strategy that emerges among the best learners when value-based approaches are costly or
51 unreliable.
52
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68 Introduction
69 Would you choose to dine at a decent local restaurant you know well, or take a chance on
70 a new one with a higher Yelp rating? Would you stick with your usual route to work, or try a
71 newly discovered shortcut that might be faster? Would you keep using a familiar app, or switch
72 to an unfamiliar one that promises better features? If you tend to choose the former option, you a
73 re demonstrating what cognitive psychologists call a reward-frequency-based bias, or frequency
74 effect (Don et al., 2019; Don & Worthy, 2022). Frequency effect refers to people’s tendency to
75 favor options that have yielded more frequent rewards, even if they offer lower average long-
76 term payoffs (Don et al., 2019; Don & Worthy, 2022; Hu et al., 2025). This tendency can push
77 people towards suboptimal decisions, such as dining at worse restaurants, taking longer
78 commutes, or settling for less efficient tools. Yet under real-world constraints, where value-
79 based calculations can be overly costly or practically impossible, sticking with familiar, reliably
80 rewarding options may, in fact, serve as an adaptive heuristic (Gigerenzer & Gaissmaier, 2011).
81 The current study seeks to examine whether such frequency effects reflect flawed value learning
82 or instead represent a fundamental component of adaptive decision-making, thereby emerging
83 more strongly in individuals with stronger learning and value integration skills.
84 Frequency monitoring underlies many classic behavioral decision-making heuristics
85 (Gigerenzer & Gaissmaier, 2011), such as tallying (McCammon & Hägeli, 2007), fluency
86 (Schooler & Hertwig, 2005), and mere-exposure effects (Fang et al., 2007; Zajonc et al., 1974). F
87 requency has been posited as one of the most basic ways the human brain encodes statistical
88 information (Cosmides & Tooby, 1996; Gigerenzer, 1996; Obrecht et al., 2009). In the context of
89 reinforcement learning (RL), however, a bias toward more frequently rewarded options despite
90 their lower overall value has been traditionally interpreted as a decision-making deficit,
91 particularly associated with severe psychiatric conditions (Ritter et al., 2004; Shurman et al.,
92 2005) or brain injuries (Bechara et al., 1994, 1996). Supporting this view, frequency effects have
93 been found to be more pronounced in populations with reduced cognitive functioning, including
94 older adults (Don et al., 2022), individuals with substance use disorders (Kim et al., 2011; Stout
95 et al., 2004), and those with developmental disorders (Sallum et al., 2013; Toplak et al., 2005).
96 Yet more recent findings challenge this deficit-based interpretation by showing that healt
97 hy participants without neuropsychological impairments would nevertheless show frequency
98 effects and favor the more frequently rewarded option over objectively more valuable
99 alternatives (Horstmann et al., 2012; Kumar et al., 2019; Lin et al., 2007, 2013; Steingroever et
100 al., 2013). Moreover, these effects do not reliably distinguish between healthy and clinical
101 populations (Kumar et al., 2019; North & O’Carroll, 2001; Upton et al., 2012; Wilder et al.,
102 1998). Replications have been reported across several paradigms, including the Iowa Gambling
103 Task (IGT) (Kumar et al., 2019; Lin et al., 2013; Steingroever et al., 2013; Upton et al., 2012), a
104 modified version of IGT (Chiu & Lin, 2007; Lin et al., 2007), the Soochow Gambling Task
105 (SGT) (Chiu et al., 2008; Lin et al., 2009; Upton et al., 2012), and other four-option RL tasks
106 (Don et al., 2019; Don & Worthy, 2022; Hu et al., 2025). While there may be additional task-
107 specific factors contributing to preferences for more frequently rewarded options in some of
108 these paradigms (e.g., reward magnitude in the IGT or SGT), converging evidence generally
109 suggests that reward frequency may represent a fundamental component of value learning rather
110 than a pathological byproduct.
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111 Why, then, do people show frequency effects? From the perspective of bounded
112 rationality, humans make decisions under constraints of time, information, and cognitive resourc
113 es, which often obscure the true structure of the environment (Gigerenzer & Brighton, 2009;
114 Gigerenzer & Gaissmaier, 2011). Under such conditions, complex value-based computations ma
115 y need to give way to simpler heuristics to achieve an effort-accuracy balance. In some cases, the
116 se heuristics can even lead to better decision outcomes compared to strictly value-based
117 strategies (Gigerenzer & Brighton, 2009; Gigerenzer & Goldstein, 1996). Consistent with this
118 view, research has shown that these mental shortcuts are especially favored when the decision-m
119 aking environment is complex (Hogarth & Karelaia, 2007; Kool et al., 2017; Payne et al., 1988),
120 time is limited (Rieskamp & Hoffrage, 2008; Wu et al., 2022), or information is incomplete
121 (Hertwig & Erev, 2009; Yechiam & Busemeyer, 2005). Frequency effects may reflect one such
122 adaptive shortcut. Previous studies have found that frequency effects emerge primarily when
123 value differences between options are small, whereas when value differences are large and clear,
124 reinforcement frequency exerts little influence on people’s choices (Don et al., 2019; Don &
125 Worthy, 2022). A recent study (Hu et al., 2025) further demonstrates that preference for the more
126 frequently rewarded option increases proportionally with the level of environmental uncertainty.
127 When outcome variance (i.e., uncertainty) was low, participants preferred the more valuable
128 option; when variance was moderate, no clear preference emerged; and when variance was high,
129 the frequently rewarded option was favored. Together, these findings suggest that frequency
130 effects may function as an adaptive, supplementary strategy that becomes increasingly dominant
131 as value-based estimations grow more difficult.
132 Despite their adaptive appeal though, frequency-driven decisions often lead to suboptimal
133 performance in laboratory tasks and potentially in real-world contexts (Brevers et al., 2013;
134 Verdejo-Garcia et al., 2006). What remains unclear is how an individual’s baseline learning and
135 decision-making capacity shapes susceptibility to these effects in uncertain, complex
136 environments. One possibility is that better learners, while still influenced by reward frequency,
137 are more resilient to frequency-based biases and therefore will rely more consistently on value-
138 based strategies. Another possibility is that, because switching to frequency-based processing
139 can itself be adaptive, better learners are more likely to employ this strategy and thus exhibit
140 stronger frequency effects.
141 To our knowledge, no study has systematically tested these competing possibilities. The
142 present work addresses this gap using a within-subject design in which participants completed
143 the same RL task twice, with and without a reward frequency manipulation. We aimed to
144 examine whether individuals who performed better during training and in the baseline condition
145 were more or less likely to shift towards frequency-based processing when reward frequency was
146 manipulated, leveraging RL computational modeling. Based on prior research (Hu et al., 2025),
147 we hypothesized that switching to frequency-based processing is adaptive. Thus, we predicted
148 that participants who demonstrated stronger learning performance would be more likely to adopt
149 frequency-based strategies and exhibit stronger frequency effects in the frequency condition.
150 Methods
151 Task
152 This study was approved by the local Institutional Review Board (STUDY2024-1012).
153 The task was adapted from the four-option RL paradigm used in Hu et al. (2025). Participants
154 were presented with four options (A, B, C, D), but on each trial, they selected from a pair of only
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155 two options. The expected values (EVs) were ranked as C (0.75) > A (0.65) > B (0.35) > D
156 (0.25). The task consisted of two phases: a training phase and a testing phase.
157 During the 120-trial training phase, participants repeatedly selected from only two fixed
158 option pairs: AB and CD. On each trial, they compared and chose either between option A and B
159 or between option C and D, with the other two options being unavailable. After each choice, they
160 received feedback showing the number of virtual points earned for that trial, along with a
161 running total of their cumulative points (Figure 1). Reward outcomes were randomly drawn from
162 normal distributions centered on each option’s EV, with variance approximating binomial
163 distributions. Table 1 shows the specific reward structure. This level of reward variance has been
164 shown to reliably elicit frequency effects when reward frequency is manipulated (Don et al.,
165 2019; Hu et al., 2025). Within each training pair, option A (0.65) is designed to yield significantl
166 y higher rewards than option B (0.35), and option C (0.75) is designed to yield significantly high
167 er rewards than option D (0.25), making A and C the dominant options in their respective pairs.
168 However, the value difference between A and C (i.e., only 0.1) is much smaller, which would all
169 ow frequency effects to emerge.
170 After the training phase, participants proceeded to the testing phase, where they must
171 transfer their knowledge and select from the remaining novel pairings (i.e., AD, BD, CA, CB)
172 without feedback. They were told that the options have remained the same, and they need to
173 make their best selections based on what they learned about each option during the training
174 phase. This phase had 80 trials in total, with 20 trials for each pair type. The two training pairs, A
175 B and CD, did not appear during testing.
176 We employed a within-subject design that manipulated the frequency of training pairs.
177 Each participant completed the task twice under two different conditions. In the baseline
178 condition, participants chose between A and B on half of the training trials and between C and D
179 on the other half (i.e., 60 AB and 60 CD trials). In the frequency condition, however, AB trials a
180 ppeared twice as often as CD trials (i.e., 80 AB vs. 40 CD trials), making A more frequently
181 rewarded than C despite its lower EV. We consider CA trials as critical trials because our freque
182 ncy manipulation creates a direct conflict in the CA pairing, where the slightly less rewarding
183 option, A, is rewarded more frequently than the more rewarding option, C, in the frequency cond
184 ition. Prior studies have shown that this base-rate manipulation encourages a preference shift fro
185 m C to A, demonstrating frequency effects (Don et al., 2019; Don & Worthy, 2022; Hu et al.,
186 2025).
187 Participants were instructed to maximize their cumulative points by learning which
188 options were most rewarding. Choice stimuli were four fractal images randomly drawn from a
189 pool of 12 fractal images, with on-screen positions and image assignments randomized. To avoid
190 any semantic or ordinal priming associated with letters A, B, C, and D, the four options were ran
191 domly recoded using arbitrary labels, A, K, L, and S. While option A and B and option C and D
192 always appeared together as pairs, their placement on the screen randomly varied across participa
193 nts (e.g., ABCD, CDAB, BADC). Trial types were intermixed within each session, and the order
194 of both training and testing trials was randomly shuffled for each participant.
195 Table 1. Reward Structure.

Option
Condition A B C D
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Baseline N(M,SD) .65(.48) .35(.48) .75(.43) .25(.43)
base-rate 1 1

Frequency N(M,SD) .65(.48) .35(.48) .75(.43) .25(.43)
base-rate 2 1

196 Reward Structure. N(M, SD) indicates continuous normal distributions of rewards for each option, where M is the m
197 ean and SD is the standard deviation. “Base-rate” indicates how frequently each choice pair is presented during
198 training, relative to the other choice pair. For example, 2:1 means the first pair (i.e., AB) is presented twice as often
199 as the second pair (i.e., CD). The standard deviations approximated binomial variance, calculated as 𝑆𝐷 =
200 (𝐸𝑉1 × 𝐸𝑉2)0.5.

201 Figure 1. Example Trial Sequence.

202
203 Example Trial Sequences. During the first 120 training trials, participants selected from either the two left options or
204 the two right options (i.e., AB or CD). After each choice, they received feedback on the points earned and saw their
205 cumulative total at the top of the screen. In the 80 testing trials, they selected from the remaining four novel pairings
206 without any cumulative point displays or feedback.

207 Participants
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208 A priori power analysis indicated that 449 participants would provide 95% power to
209 detect a weak-to-moderate effect size in paired samples (dz = 0.2) at an alpha level of .01 (Faul et
210 al., 2007). Based on previous studies in our lab, we anticipated that some participants might
211 show little evidence of learning during training, respond inattentively, or be lost due to technical
212 errors. To account for this, we planned to recruit approximately 500 participants. In total, 501
213 undergraduate students participated, all of whom provided informed consent and received partial
214 course credit for their participation. Six participants were excluded for inattentive responding,
215 defined as consistently selecting the same option throughout the entire training session for both
216 training pairs (e.g., always choosing A in AB trials and C in CD trials). A final sample of 495 par
217 ticipants went into data analysis.
218 The mean age was 18.93 years (SD = 1.01). The sample consisted of 345 females, 148
219 males, 1 participant who self-identified as “other”, and 1 who preferred not to answer. Racial
220 distribution was as follows: 370 White, 60 Asian, 31 multiracial, 12 Black or African American,
221 3 American Indian or Alaska Native, 1 Native Hawaiian or Other Pacific Islander, and 9 who
222 preferred not to answer. With respect to ethnicity, 135 participants identified as Hispanic or
223 Latino, 9 preferred not to answer, and the remainder identified as non-Hispanic.
224 Procedures
225 The experiment was administered online. Participants voluntarily enrolled through the u
226 niversity Psychology Department’s research participant pool and received partial course credit
227 for their participation. Upon enrollment, participants were directed to the study via a secure link
228 hosted on the university JATOS server, where the experiment would launch automatically.
229 The task was developed using the jsPsych JavaScript library for creating online
230 behavioral experiments. Participants completed the RL task twice, once under each condition (i.
231 e., baseline and frequency). After completing the first task, they were directed to fill out a
232 demographic questionnaire and a series of additional surveys included as part of a separate pilot
233 project. They were then returned to complete the second condition of the main task. The entire
234 experiment took approximately one hour to complete, with the two task sessions taking roughly
235 45-50 minutes in total.
236 To minimize carryover effects, participants were explicitly instructed that the reward
237 structures were completely different between the two sessions, despite the structural similarity of
238 the tasks, and that prior knowledge should not be transferred between sessions. The order of
239 conditions was randomized and counterbalanced across participants: 252 participants completed
240 the frequency condition first, and 243 completed the baseline condition first. Order effects did
241 not significantly influence behavioral patterns (see Supplementary Table 1 and Supplementary Fi
242 gure 1). After completing both sessions, participants were debriefed, thanked, and informed that
243 they would receive their course credit shortly. The study concluded upon clicking the final
244 submission button.
245 Data analysis
246 Behavioral data were analyzed using mixed-effects models implemented via the lme4
247 package in R. Random intercepts were included at the participant level to account for individual
248 differences given our within-subject design. For analyses involving the percentage of optimal
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249 choices, we used the lmer function. For trial-level logistic regression models predicting the
250 probability of selecting the optimal option on each trial, we used the glmer function.
251 Computational Models
252 Beyond traditional behavioral analyses, we employed computational modeling to further
253 disentangle participants’ use and weighting of distinct decision-making strategies. We focused
254 on two major classes of reinforcement learning rules: Delta and Decay rules. For each class, we
255 included a basic model and two widely used extensions, yielding six individual models (2×3). To
256 capture the relative contribution of different strategies, we also constructed a seventh hybrid mod
257 el by combining the best-fitting variant from each class, resulting in a total of 7 formal models.
258 Delta Model
259 The basic Delta rule model (Sutton & Barto, 1998) is one of the most widely used value-
260 based RL models. It updates the EV by incorporating the prediction error between the EV from
261 the last trial and the actual reward received in the current trial. EVt+1 for option j is defined as:
262 𝐸𝑉𝑗,𝑡+1 = 𝐸𝑉𝑗,𝑡 + 𝛼 ⋅ 𝑟𝑡 − 𝐸𝑉𝑗,𝑡 ⋅ 𝐼𝑗# 1

263 where Ij is an indicator term set to 1 if option j is chosen on trial t, and 0 otherwise; rt is the rewar
264 d value; and α is the recency learning parameter, 𝛼∈(0,1), with higher α indicating greater
265 weighting of most recent outcomes. When α = 0, EVs remain unchanged regardless of new
266 outcomes; when α = 1, EVj is equivalent to the reward received for option j on its most recent
267 selection. In this model, no memory of previous trial instances is retained, making it mean-
268 centered. Consequently, when prediction errors are minimal, the EV does not substantially chang
269 e with repeated rewards, rendering the model insensitive to reward frequency.
270 Delta-Prospect-Valence-Learning (Delta-PVL)
271 The Delta-PVL model (W. Ahn et al., 2008) extends the basic Delta model by no longer a
272 ssuming linearity, proportionality, and gain-loss symmetry in the subjective representation of E
273 V, as proposed by the prospect theory (Tversky & Kahneman, 1992). Specifically, this model
274 does not assume veridical processing of EV. Instead, it posits that the magnitude of rewards can
275 be transformed by a non-linear shape parameter γ, and that individuals may apply different
276 weights to gains versus losses via a gain–loss weighting parameter λ. The subjective utility is
277 defined as:

278 𝑢𝑡 = 𝑟𝛾
𝑡      𝑖𝑓𝑟𝑡 ≥ 0

− 𝜆|𝑟𝑡 |𝛾    𝑖𝑓𝑟𝑡 < 0        
# 2

279 where the shape parameter γ (0 < γ < 1) determines the curvature of the utility function. When γ
280 = 1, all rewards are processed veridically. As γ approaches 0, reward magnitudes are increasingly
281 discounted, and at γ = 0, all rewards are treated equivalently (i.e., coded as 1) and the magnitude
282 is completely disregarded. The loss aversion parameter λ (0 < λ < 5) determines the relative
283 weighting of gains and losses. When λ = 1, gains and losses contribute equally; λ values below 1
284 indicate greater sensitivity to gains than losses, whereas λ above 1 indicate greater sensitivity to
285 losses than gains.
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286 The computed utility is then entered into the Delta learning rule to update the EV of the
287 chosen option.
288 𝐸𝑉𝑗,𝑡+1 = 𝐸𝑉𝑗,𝑡 + 𝛼 ⋅ 𝑢𝑡 − 𝐸𝑉𝑗,𝑡 ⋅ 𝐼𝑗# 3

289 As in equation 1, Ij denotes an indicator for the chosen option and α represents the recency learni
290 ng parameter.
291 Delta-Asymmetric
292 Because all option EVs in our task were positive and outcomes below zero were rare, we
293 included an additional Delta extension model that applies a relative rather than absolute
294 weighting rule for gains and losses. The Delta-Asymmetric model (Niv et al., 2012) assigns
295 separate learning rates to positive and negative prediction errors, defining gains and losses based
296 on whether the received reward exceeds or falls short of the expected value for the chosen
297 option. The EVs are then updated using the standard Delta rule:

298 𝐸𝑉𝑗,𝑡+1 =
𝐸𝑉𝑗,𝑡 + 𝛼+ ⋅ 𝛿 𝑟𝑡 ⋅ 𝐼𝑗 if 𝛿 𝑟𝑡 > 0,
𝐸𝑉𝑗,𝑡 + 𝛼− ⋅ 𝛿 𝑟𝑡 ⋅ 𝐼𝑗 if 𝛿 𝑟𝑡 < 0,

 # 4

299 where 𝛿 𝑟𝑡 represents the prediction error, 𝛿 𝑟𝑡 = 𝑟𝑡 − 𝐸𝑉𝑗,𝑡; α+ and α- denote the learning rate f
300 or positive and negative prediction errors, respectively, 𝛼∈(0,1). This model has been shown to
301 effectively account for risk sensitivity in decision-making (Niv et al., 2012).
302 Decay
303 The second major class of reinforcement learning rules is the Decay rule (Erev & Roth,
304 1998). In contrast to the Delta rule, which represents a recency-weighted average of reward value
305 or subjective utility, the Decay rule assumes that an option’s EV increases through repeated
306 selection but gradually decays when the option is not chosen. Formally, the Decay rule updates
307 the EV of option j as:
308 𝐸𝑉𝑗,𝑡+1 = 𝐸𝑉𝑗,𝑡 ⋅ 1 − 𝐴 + 𝑟𝑡 ⋅ 𝐼𝑗# 5

309 where A is the decay parameter akin to α in the Delta rule models, 𝐴∈(0, 1). Higher A indicates
310 greater weight assigned to recent outcomes. In this model, the EV for each option gradually
311 decays over time and increases only when a reward for that option is received. As a result,
312 options rewarded more frequently accumulate higher EVs. This mechanism has been shown to
313 capture frequency effects, particularly under conditions where reward frequency may alter
314 participants’ perception of EV (Don et al., 2019; Don & Worthy, 2022; Hu et al., 2025).
315 Decay-PVL
316 The Decay-PVL model (W.-Y. Ahn et al., 2014) parallels the Delta-PVL model. The
317 conversion from actual rewards to subjective utility follows the same functional form as in
318 Equation 2, but the resulting utility is then integrated using the Decay rule, as follows:
319 𝐸𝑉𝑗,𝑡+1 = 𝐸𝑉𝑗,𝑡 ⋅ 1 − 𝐴 + 𝑢𝑡 ⋅ 𝐼𝑗# 6

320 Decay-Win
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321 We also fit a relative learning model within the Decay class, adapted from the Prediction-
322 Error Decay model (Don et al., 2022). In this Decay-Win model, EV accumulation depends
323 solely on how often an option yields above-average outcomes. Here, rewards are defined relative
324 to whether the obtained outcome exceeds the running average, AV, updated as:
325 𝐴𝑉𝑡+1 = 𝐴𝑉𝑡 + 𝛼 ⋅ 𝑟𝑡 − 𝐴𝑉𝑡 # 7

326 and the EV is calculated as:
327 𝐸𝑉𝑗,𝑡+1 = 𝐸𝑉𝑗,𝑡 ⋅ 1 − 𝛼 + 1 ⋅ 𝐼𝑗# 8

328 where Ij an indicator term set to 1 if rt > AVt and 0 otherwise. In this model, only the valence of
329 the outcome (i.e., whether it is a “win” or not) is used to guide people’s choices. EVs decay over
330 time, and increments occur only when rewards surpass the overall average. The model ignores
331 exact reward magnitudes and instead tracks only the number of above-average outcomes
332 associated with each option, thereby providing a clean dissociation between frequency-based and
333 value-based processing.
334 Hybrid Model
335 Finally, we selected the best-fitting models from each class to form a hybrid model,
336 consisting of the two relative models: Delta-Asymmetric and Decay-Win (see Results). The
337 inclusion of the Decay-Win model as the representative of the Decay rule class completely disso
338 ciates value-based processing from frequency-based processing: the Delta component (i.e.,
339 Delta-Asymmetric) retains no memory of reward frequency, while the Decay component (i.e.,
340 Decay-Win) retains no memory of actual reward values. This hybrid configuration also provided
341 the best model fit among all tested combinations of hybrid models (see Supplementary Table 2).
342 All simple models used a SoftMax rule to convert EVs into each model’s predicted
343 probability of selecting each j alternative on trial t:

344 𝑃 𝐶𝑗,𝑡 = 𝑒𝛽⋅𝐸𝑉𝑗,𝑡

∑𝑁 𝑗
1   𝑒𝛽⋅𝐸𝑉𝑗,𝑡

# 9

345 where 𝛽 = 3𝑐 − 1 (0 ≤ 𝑐 ≤ 5), and c is a log inverse temperature parameter that determines how
346 consistently the option with a higher EV is selected (Yechiam & Ert, 2007). When c = 0, choices
347 are random; as c increases, the option with the highest EV is selected more often. For the hybrid
348 model, a free weighting parameter, w, was applied to the choice probabilities generated by each
349 component process and the final predicted probability is calculated as:

350 𝑃 𝐶𝑗 𝑡 = 𝑤𝐷𝑒𝑙𝑡𝑎∙ 𝑒𝛽∙𝐸𝑉𝐷𝑒𝑙𝑡𝑎,  𝑗 𝑡

∑𝑁 𝑗
1 𝑒𝛽∙𝐸𝑉𝐷𝑒𝑙𝑡𝑎,𝑗 𝑡

+ 1 − 𝑤𝐷𝑒𝑙𝑡𝑎 ∙ 𝑒𝛽∙𝐸𝑉𝐷𝑒𝑐𝑎𝑦,𝑗 𝑡

∑𝑁 𝑗
1 𝑒𝛽∙𝐸𝑉𝐷𝑒𝑐𝑎𝑦,𝑗 𝑡

# 10

351 Model Fitting and Evaluation
352 We used the maximum likelihood (ML) approach for model fitting. The negative log likel
353 ihood of the parameter set θ, given observed data y and model M, 𝐿(𝜃|𝑦,𝑀), was minimized usin
354 g the minimize function in the SciPy library in Python. To avoid local minima, optimization was
355 repeated 100 times with randomly selected starting points for each parameter. All trials except
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356 the first trial in each condition were included for model fitting, and the outcome or utility of the
357 first trial in each condition was used to initialize EV values.
358 Model comparison relied on the Bayesian Information Criterion (BIC) (Schwarz, 1978).
359 For each participant in each condition, we computed:
360 𝐵𝐼𝐶 =− 2l n 𝐿 𝜃 𝑦,𝑀 + 𝐾ln 𝑁 # 11

361 where N is the number of observations. In our study, N equals 200 trials in each condition. To
362 evaluate model evidence, we calculated BIC weights (Wagenmakers & Farrell, 2004):

363 𝑤𝑖 BIC =
exp − 1

2 Δ𝑖 BIC

∑𝐾
𝑘=1   exp − 1

2 Δ𝑘 BIC
# 12

364 where Δ𝑖(BIC) = BIC𝑖 − 𝑚𝑖𝑛(BIC). Lower BIC values indicate better model fit, whereas higher
365 BIC weights reflect stronger relative support for a given model. We also calculated the Bayes F
366 actor (BF10) using:

367 𝐵𝐹10,𝑀𝑜𝑑𝑒𝑙1 = exp 𝐵𝐼𝐶𝑀𝑜𝑑𝑒𝑙2−𝐵𝐼𝐶𝑀𝑜𝑑𝑒𝑙1
2 # 13 with BF10> 3 generally considered significant,

368 representing a moderate advantage in favor of Model 1 (Wagenmakers, 2007).
369 In addition, we conducted group-level model comparisons using Variational Bayesian
370 Model Selection (VBMS) (Stephan et al., 2009). VBMS treats each model as a random variable
371 and estimates the parameters of a Dirichlet distribution, which are then used to construct a
372 multinomial distribution describing the probability that each model generated the data of a
373 randomly chosen participant. Posterior Dirichlet parameters, α, represent the estimated frequency
374 with which each model best explains individual participants’ data. The posterior multinomial par
375 ameter, rk, gives the probability that data from a randomly chosen participants were generated by
376 mode k. Finally, the exceedance probability, φk, quantifies the likelihood that a particular model
377 k is more likely than all competing models to generate group-level data. We used BIC to approxi
378 mate the log evidence and all three metrics were calculated for model comparisons.
379 Transparency and openness
380 All data have been made publicly available at the Open Science Framework (OSF) and
381 can be accessed using the following anonymous link: (
382 https://osf.io/zsk4e/?view_only=49f12e186d164ef699da142fab685573). Materials, analysis code
383 and the code behind model fitting have also been made publicly available at
384 https://osf.io/zsk4e/?view_only=49f12e186d164ef699da142fab685573. This study’s design and
385 its analysis were not pre-registered.
386 Results
387 Overall Behavioral Results
388 We first examined participants’ performance during the training phase using a mixed-
389 effects logistic regression model, predicting trial-wise choices from condition, trial type, and
390 block. This analysis revealed a main effect of trial type (β = 0.145 ± 0.039, t = 3.680, p < .001),
391 with participants demonstrating higher accuracy on CD trials than AB trials, and a main effect of

https://osf.io/zsk4e/?view_only=49f12e186d164ef699da142fab685573
https://osf.io/zsk4e/?view_only=49f12e186d164ef699da142fab685573
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392 block (β = 0.039 ± 0.007, t = 5.423, p < .001), with a greater proportion of optimal choices
393 observed over time. There was no main effect of condition (β = 0.056 ± 0.037, t = 1.516, p = .13
394 0), suggesting comparable learning effects across conditions. Training performance in AB and
395 CD trials was significantly correlated (β = 0.255 ± 0.044, t = 5.814, p < .001), indicating
396 generally consistent learning performance across the two trained pairs (Supplementary Figure 2).
397 The only significant interaction was between trial type and condition (β = -0.161 ± 0.057,
398 t = -2.807, p = .005). As shown in Figure 2a, the performance gap between AB and CD trials
399 was significantly reduced in the frequency condition. This may reflect either poorer learning due
400 to reduced exposure to CD trials or increased exploratory behavior, as participants may perceive
401 CD trials as scarce opportunities worth exploring. All other interactions, including trial type ×
402 block (β = 0.008 ± 0.010, t = 0.762, p = .446), condition × block (β = -0.003 ± 0.009, t = -0.281,
403 p = .779), and the three-way interaction (β = 0.009 ± 0.015, t = 0.606, p = .544), were in
404 significant.
405 To assess overall performance, we examined the percentage of optimal choices across all
406 six trial types in each condition (Figure 2b). For each trial type, we conducted a one-sample t-tes
407 t to compare the observed choice rate against random chance level (0.5) and adjusted for multiple
408 comparisons using the Benjamini-Hochberg procedure (Benjamini & Hochberg, 1995). After
409 correction, participants selected the optimal option at rates significantly above chance across
410 nearly all trial types across both conditions (see Supplementary Table 3), with only two
411 exceptions. In the BD trials under the baseline condition, the proportion of optimal choices (M =
412 0.526) was only numerically above chance, t(494) = 1.729, padjusted = .084, and in the CA trials
413 under the frequency condition, participants significantly favored the suboptimal option A over
414 the optimal option C (see details below).
415 Critical CA Trials
416 As predicted, in the critical CA trials, participants significantly favored the optimal
417 option C in the baseline condition, t(494) = 2.824, padjusted = .005, but showed a reversed
418 preference for the more frequently rewarded yet less valuable option A in the frequency
419 condition, t(494) = -5.903, padjusted < .001. This between-condition shift in choice preference was
420 statistically significant based on a paired-sample t-test, t(494) = 6.007, p < .001. To further
421 evaluate this effect, we compared participants’ C choice rates against the underlying reward ratio
422 between options C and A, calculated as .75

.75+ .65 ≈ .536. We found that participants’ preference for
423 C (M = .541, SD = .329) closely matched this expected reward ratio in the baseline condition, t(4
424 94) = 0.406, p = .685, whereas in the frequency condition, C choice rates (M = .415, SD = .320)
425 fell significantly below this ratio, t(494) = -8.388, p < .001, indicating a robust reward frequency
426 effect. These results aligned with many prior studies using the same paradigm (Don et al., 2019;
427 Don & Worthy, 2022; Hu et al., 2025), which have consistently demonstrated that, under unequa
428 l frequencies of reinforcement, people tend to prefer the more frequently rewarded option even w
429 hen it yields suboptimal outcomes.
430 Figure 2d shows the distribution of C choice rates across conditions (see Supplementary
431 Figure 3 for distributions of all trial types). A larger proportion of participants in the frequency
432 condition chose C less often than both random chance and the reward ratio, further confirming
433 the frequency effect.
434 Figure 2. Behavioral Results
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435
436 Behavioral Results. (a) Participants generally showed improved performance across blocks. Overall training
437 accuracy did not differ significantly between conditions, but the typical advantage in CD trials over AB trials
438 observed in the baseline condition disappeared in the frequency condition. (b) Participants selected the optimal
439 option at rates significantly above chance across most trial types, with only two exceptions: BD trials in the baseline
440 condition where the optimal choice rates were not significantly different from chance, and CA trials in the frequency
441 condition, where participants significantly favored the more frequently rewarded, yet suboptimal option A. (c) A
442 closer look at CA trials revealed that in the baseline condition, C choice rates closely matched the objective reward
443 ratio, whereas in the frequency condition they fell significantly below both the reward ratio and chance level. (d)
444 The distribution of C choice rates further confirmed this effect and showed that a larger proportion of participants in
445 the frequency condition chose C less often than either the reward ratio or chance level. Error bars indicate 95% CI in
446 terval.

447 Within-Subject Results
448 At the core of the present study lies a key question—whether the seemingly irrational,
449 heuristic-driven frequency effect is more pronounced among better learners and decision-makers.
450 We defined “better learners” from two complementary angles: (1) participants who achieved
451 higher overall training accuracy across AB and CD trials, and (2) participants who showed
452 higher C choice rates on CA trials in the baseline condition, indicative of better value-based judg
453 ement when reward frequency was not manipulated. As we will show below, these two definition
454 s do not produce divergent results. Importantly, we note that “better learners” here is defined
455 relative to other participants within our sample and does not necessarily imply being a “good
456 learner” in an absolute sense. Using these definitions, we addressed our central question as follo
457 ws. First, we examined whether participants with higher training accuracy were more likely to
458 select option A in CA trials under the frequency condition. Second, we tested whether
459 participants who demonstrated better value-based learning performance (i.e., higher C choice
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460 rates) in the baseline condition were more likely to choose A in CA trials under the frequency
461 condition.
462 To address the first question, we ran a series of mixed-effects models predicting the
463 percentage of optimal choices during the testing phase from participants’ combined training
464 accuracy on AB and CD trials, condition, and their interaction. Within the four testing trial types,
465 higher training accuracy was consistently linked with higher optimal choice rates in AD (β = 0.5
466 07 ± 0.072, t = 7.066, p < .001) and CB trials (β = 0.739 ± 0.072, t = 10.287, p < .001), and
467 showed no significant relationship in BD trials (β = -0.153 ± 0.081, t = -1.879, p = .061) regardle
468 ss of condition. However, in CA trials, we found no main effect of training accuracy (β = 0.106 ±
469 0.078, t = 1.354, p = .176) but a significant interaction effect (β = -0.321 ± 0.114, t = -2.828, p = .
470 005). In the baseline condition, training accuracy was unrelated—though slightly positively
471 associated—with C choice rates (β = 0.106 ± 0.079, t = 1.333, p = .183), whereas in the
472 frequency condition, the association reversed, with higher training accuracy significantly
473 predicting fewer optimal C choices (β = -0.216 ± 0.081, t = -2.655, p = .008). This reversal was
474 unique to CA trials, as no other trial type showed a change in direction of the training accuracy–o
475 ptimal choice relationship across conditions (AD: β = 0.017 ± 0.104, t = 0.162, p = .872; CB: β =
476 -0.167 ± 0.105, t = -1.595, p = .111; BD: β = 0.080 ± 0.118, t = 0.677, p = .499; Figure 3a). Ther
477 efore, we confirmed that while higher training accuracy generally predicted better testing
478 performance, participants with stronger training performance were more likely to choose option
479 A in the frequency condition.
480 To further disentangle the source of the observed interaction effect, we examined the indi
481 vidual effects of AB and CD training performance on CA trials. We ran two trial-wise logistic
482 regressions predicting accuracy in CA trials by training accuracy in AB or CD trials and
483 condition (see Supplementary Figure 4 for other trial types). As shown in Figure 3b, for AB,
484 higher training accuracy consistently predicted lower optimal choice rates in CA trials (β = -
485 1.073 ± 0.135, t = -7.959, p < .001), indicating that participants who learned AB well (i.e., and
486 therefore chose A frequently) were more biased toward A later. This effect was notably stronger
487 in the frequency condition (β = -0.977± 0.190, t = -5.137, p < .001). For CD, the pattern was
488 reversed. Higher training accuracy in CD trials predicted higher optimal choice rates in CA trials
489 (i.e., favoring C; β = 1.647 ± 0.133, t = 12.413, p < .001), but this effect was attenuated in the
490 frequency condition (β = -1.203 ± 0.185, t = -6.512, p < .001; also see Supplementary Figure 5).
491 Therefore, we decomposed the contributions of the two training pairs to CA performance
492 as follows. First, reward frequency consistently influences testing choices. Better performance on
493 AB trials (i.e., selecting A more often) increases A preference in CA trials, whereas better
494 performance on CD trials (i.e., selecting C more often) increases C preference in CA trials.
495 Critically, however, because AB trials occurred twice as often as CD trials in the frequency
496 condition, participants with overall better learning performance necessarily experienced and
497 reinforced A more often than C. Even without an interaction, this asymmetry alone would bias p
498 articipants toward choosing A more and produce frequency effects. Second, the significant
499 interaction effects amplify this asymmetry, as participants with higher AB accuracy showed an
500 even steeper A preference in the frequency condition relative to baseline, whereas the positive
501 influence of CD accuracy on C selection was noticeably attenuated. Together, the stronger A and
502 weaker C effects explain why the frequency manipulation disproportionately increases frequency
503 effects among participants with higher training performance.
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504 Figure 3. Within-Subject Results

505
506 Within-Subject Results. (a) For CB and AD testing trials, higher training accuracy was consistently associated with
507 higher optimal choice rates in the testing phase. This association was insignificant for BD trials in both conditions.
508 In contrast, CA trials revealed a significant interaction, where training accuracy was positively (insignificant) related
509 to C choice rates in the baseline condition but negatively related in the frequency condition. This suggests that
510 although better training performance generally promoted optimal test-phase choices, it led participants to show
511 stronger frequency effects when reward frequency was manipulated. (b) As we further decouple the unique
512 contributions of AB and CD learning, AB accuracy was consistently associated with greater A choice rates and CD
513 accuracy was consistently associated with greater C choice rates in CA trials. Interaction effects further revealed a
514 steeper AB–CA slope and a flatter CD–CA slope in the frequency condition. This stronger A influence and weaker
515 C influence, coupled with the base-rate imbalance between AB and CD trials in the frequency condition, explains
516 why high-performing participants were numerically more likely to choose C in the baseline condition, but more
517 likely to choose A in the frequency condition (also see Supplementary Figure 5 for model-based predictions
518 controlling for individual-level variance). (c) Across AB, CD, CB, and AD trials, optimal choice rates were
519 positively correlated between the two conditions, indicating consistent decision-making patterns. For CA trials,
520 however, this association was nonsignificant and numerically negative. Error bars indicate 95% CI interval.
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521 Next, we ran a series of mixed-effects logistic regression models predicting the
522 probability of selecting the optimal option in the frequency condition as a function of the
523 corresponding proportion of optimal choices in the baseline condition, both overall and
524 separately for trial type. Overall, participants’ baseline performance significantly predicted their
525 performance in the frequency condition after controlling for trial types (β = 0.061 ± 0.029, t =
526 2.111, p = .035), suggesting behavioral consistency across conditions. For specific trial types, t
527 his positive association held for AB (β = 0.572 ± 0.258, t = 2.213, p = .027), CD (β = 0.606 ± 0.2
528 45, t = 2.477, p = .013), AD (β = 0.774 ± 0.342, t = 2.263, p = .024), CB (β = 0.777 ± 0.329, t =
529 2.357, p = .018) trials, but not for CA (β = -0.412 ± 0.313, t = -1.315, p = .188) or BD trials (β =
530 -0.155 ± 0.344, t = -0.449, p = .653)—both of which involved closely valued options with
531 different reward frequencies during training. Critically, the slope for CA trials was significantly
532 different—and notably negative—compared to AB (β = -0.747 ± 0.091, t = -8.175, p < .001), CD
533 (β = -0.582 ± 0.098, t = -5.945, p < .001), CB (β = -0.532 ± 0.096, t = -5.542, p < .001), BD (β =
534 -0.325 ± 0.096, t = -3.372, p < .001), and AD (β = -0.742 ± 0.103, t = -7.238, p < .001) trials (Fig
535 ure 3c). These findings suggest that while participants’ selection of optimal choices was overall c
536 onsistent across conditions, their choice of C in CA trials was uncorrelated, if not negatively
537 correlated, between baseline and frequency conditions. In other words, participants who strongly
538 preferred the optimal option C under baseline conditions did not maintain that preference when
539 option A was more frequently rewarded, suggesting a strategic shift away from value-based
540 decision-making under frequency manipulation.
541 Model Fitting Results
542 Finally, we applied computational modeling to quantify the relative contributions of
543 reward frequency-based and value-based strategies in each condition. As shown in Table 1, the
544 Decay-Win and Hybrid models consistently provided the best fits across participants. The
545 Hybrid model yielded the best average fit as indexed by BIC, while the Decay-Win model
546 accounted for the largest number of individual best fits. The overall advantage of Decay-class
547 models over Delta-class models suggests that participants relied on reward frequency during
548 learning in both conditions. In particular, the superior performance of the Decay-Win model,
549 even relative to alternative models within the Decay-class which encode precise numerical
550 reward values (e.g., Decay PVL), indicates that participants may have relied strongly on binary,
551 reward/non-reward tallies when internally updating EV. As option A receives more “wins”, or
552 above-average outcomes, in the frequency condition, this dichotomous processing likely reflects
553 a fundamental mechanism through which reward frequency biases arise at the population level. P
554 revious modeling work similarly demonstrates that incorporating binary outcome processing
555 improves model fit and captures reward-frequency-related biases in choice behavior (Hu et al., 2
556 025).
557 Table 1. Model Fitting Results

c α/A/α-pos α-neg 𝛾 𝜆 w BICavg BICweight BF10 Nbest fit VB α VB rkVB φk
Baseline
Delta 1.708 0.287 252.002 <.001 5316.431 94 54.748 0.109 <.001

Delta PVL 1.769 0.302 0.548 1.862 256.015 <.001 39527.978 12 4.597 0.009 <.001
Delta Asymmetric 1.686 0.352 0.261 242.478 0.018 45.449 43 35.244 0.070 <.001

Decay 0.356 0.211 240.180 0.056 14.404 50 44.905 0.089 <.001
Decay PVL 0.345 0.193 0.357 2.118 242.420 0.018 44.154 30 17.254 0.034 <.001
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Decay Win 0.423 0.201 239.151 0.094 8.611 136 183.276 0.365 .874
Hybrid 1.698 0.237 0.365 0.528 234.845 0.813 - 130 161.976 0.323 .126

Frequency
Delta 1.766 0.299 253.251 <.001 5220.613 98 69.907 0.139 <.001

Delta PVL 1.808 0.332 0.562 2.001 256.807 <.001 30897.749 20 13.673 0.027 <.001
Delta Asymmetric 1.796 0.382 0.240 245.337 0.008 99.864 34 18.770 0.037 <.001

Decay 0.379 0.225 241.835 0.048 17.336 75 56.601 0.113 <.001
Decay PVL 0.374 0.221 0.340 2.084 244.168 0.015 55.648 21 16.873 0.034 <.001
Decay Win 0.416 0.195 240.334 0.101 8.185 129 189.481 0.377 .998
Hybrid 1.664 0.274 0.381 0.517 236.130 0.828 - 118 136.695 0.272 .002

558 Model Fitting Results. This table summarizes the model fitting results. The parameter c is the inverse log
559 temperature parameter. A higher c means the participant is more likely to stick with the option that has a
560 theoretically higher EV. The parameter of α, A, or α-pos (i.e., α for positive prediction errors in asymmetric learning
561 models) capture recency effects, reflecting the extent to which recent outcomes influence subsequent choices; higher
562 values indicate faster decay of past experiences and stronger reliance on recent samples. The parameter a-neg in the
563 asymmetric models represents the learning rate for negative prediction errors. The shape parameter 𝛾 determines the
564 curvature of subjective utility as a function of reward magnitude, with lower values reflecting stronger discounting
565 of reward magnitude. The loss-aversion parameter 𝜆 weights losses relative to gains, with higher values reflecting
566 greater loss aversion. The weighting parameter w in the hybrid model specifies the relative contribution of value-
567 based, Delta-rule processing, such that lower values reflect greater reliance on frequency-based processing. Model
568 fit was evaluated using BIC, BIC weights, Bayes Factors (BF10) and Variational Bayesian Model Selection (VBMS).
569 Lower BIC values indicate better model fit, while higher BIC weights indicate stronger relative support. BIC-
570 weights sum to one. BF10 represents the Bayes Factor difference between a given model and the best-fitting model.
571 Conventionally, a BIC difference of 0–2 provides little support for the better model, 4–7 indicates moderate support,
572 and differences of 10 or more indicate strong support. A BF10 greater than 3 is considered significant evidence.
573 Finally, the last three columns of the table report VBMS results, with BIC approximating log evidence: VB α values
574 represent estimated model frequencies; VB rk values indicate the probability that model k generated the data for a
575 randomly selected participant; and VB φk reflects the exceedance probability that model k is more likely than all
576 alternatives at the group level.

577 Parameter Analysis
578 To further examine within-subject changes in strategy use and identify individuals who
579 exhibit stronger frequency effects, we analyzed whether participants’ baseline behavior could
580 predict reliance on frequency-based strategies in the frequency condition. We first focused on
581 simpler, single-process models. A mixed-effects model was conducted to predict model fit (i.e.,
582 BIC) of the three Decay rule models in the frequency condition with participants’ C choice rates
583 in the baseline condition. We controlled for model type to reduce model-specific noise. Results
584 revealed that higher C choice rates in the baseline condition significantly predicted better fit of D
585 ecay rule models in the frequency condition (β = -17.699 ± 6.939, t = -2.551, p = .011),
586 suggesting that individuals who learned value-based contingencies well in baseline condition
587 were more likely to be better captured by frequency-sensitive Decay rule models when reward
588 frequency was manipulated (Figure 4a). Crucially, this relationship did not hold for frequency-in
589 sensitive Delta rule models (β = -9.632 ± 6.353, t = -1.516, p = .130), whose fit was unrelated to
590 participants’ baseline C choice rates. We found no evidence for the usage of alternative heuristic
591 processes beyond reward-frequency-based biases across our comparison models (Supplementary
592 Figure 6).
593 Next, we examined the hybrid model to assess whether participants who selected option
594 C more frequently in the baseline condition were more likely to shift toward a frequency-based
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595 strategy under frequency manipulation. Specifically, we ran a general linear model predicting the
596 model-inferred Delta weights (i.e., the relative reliance on value-based learning) in the frequency
597 condition based on participants’ C choice rates in the baseline condition, controlling for training
598 performance. The results revealed a significant negative correlation: participants who chose C
599 more often in the baseline condition showed lower Delta weights in the frequency condition (β =
600 -0.103 ± 0.052, t = -1.977, p = .049), indicating greater reliance on the frequency-based process (
601 Figure 4b). Importantly, this pattern was consistent across alternative, less well-fitting hybrid
602 configurations where different Delta and Decay variants were combined (Supplementary Figure
603 7). Together, these findings suggest that individuals who previously engaged in more rational,
604 value-based learning were particularly susceptible to switching to a heuristic, frequency-driven
605 strategy when reward frequencies were unequal and demonstrating stronger frequency effects.
606 Figure 4. Model Fitting Results.

607
608 Model Fitting Results. (a) Higher C choice rates in the baseline condition significantly predicted better fit for Decay-
609 class models in the frequency condition, but not for Delta-class models (see Supplementary Figure 6 for baseline mo
610 del fits). (b) Examination of the weight parameter in the Hybrid model showed that higher baseline C choice rates
611 predicted reduced reliance on value-based Delta processing in the frequency condition. This suggests that
612 individuals with higher baseline accuracy in CA trials may absorb less information from value-based strategies and
613 rely more on frequency-based processing when reward frequency was manipulated. (c) All model parameters showe
614 d significant interaction effects across the two conditions, such that parameters positively associated with C choice
615 rates in the baseline condition predicted the opposite or null effect in the frequency condition, and vice versa. Given
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616 the strong parameter correlations across conditions, this pattern suggests that traits leading individuals to favor C in
617 the baseline condition may also predispose them to shift toward A in the frequency condition. Error bars indicate 9
618 5% CI interval.

619 Finally, we looked into the best-fitting model parameters. Parameter estimates were
620 strongly correlated across conditions (β = 0.158 ± 0.010, t = 15.935, p < .001) after controlling fo
621 r parameter type and model type, indicating high consistency in general decision-making
622 characteristics across conditions. However, mixed-effects models predicting the percentage of C
623 choices in CA trials based on condition and specific parameters revealed significant interactions
624 across all parameters (c: β = -0.031 ± 0.004, t = -7.451, p < .001; α: β = 0.099 ± 0.018, t = 5.560,
625 p < .001; α-neg: β = 0.075 ± 0.035, t = 2.128, p = .034; γ: β = -0.136 ± 0.031, t = -4.432, p
626 < .001; λ: β = 0.030 ± 0.006, t = 5.230, p < .001; w: β = 0.170 ± 0.054, t = 3.164, p = .002).
627 Specifically, parameters associated with higher C choice rates in the baseline condition were
628 associated with lower C choice rates in the frequency condition, and vice versa (Figure 4c). Give
629 n the overall stability of individuals’ best-fitting parameters across conditions, these results
630 indicate that individuals whose traits inclined them to favor C in the baseline condition are more
631 likely to shift towards A in the frequency condition.
632 Discussion
633 In the science of decision-making, it has long been argued that the use of heuristic, fast-
634 and-frugal strategies may be adaptive (Gigerenzer, 1996; Gigerenzer & Gaissmaier, 2011;
635 Gigerenzer & Goldstein, 1996; Payne et al., 1988). Yet no study has systematically examined
636 whether such heuristics are more or less likely to emerge in individuals who demonstrate stronge
637 r learning performance. In the present study, we addressed this question using a within-subject
638 design in which each participant completed the task twice—once under baseline conditions and
639 once with a reward-frequency manipulation in an environment known to elicit frequency effects
640 (Don et al., 2019; Hu et al., 2025).
641 Our manipulation successfully altered participants’ behavior. Participants strongly
642 preferred the more valuable option C in the baseline condition but shifted to favor the less
643 valuable option A when A was presented twice as often during training in the frequency
644 condition. Within-subject analyses further revealed two key patterns. First, participants with
645 better training performance generally achieved higher accuracy in the testing phase, except in
646 CA trials under the frequency condition, where higher training accuracy predicted a stronger
647 tendency to favor the frequently rewarded but less valuable option A. Second, accuracy across
648 trial types was generally consistent between conditions, whereas in the critical CA trials, C
649 choice rates in the baseline condition did not predict, and even negatively trended with, C choice
650 rates in the frequency condition.
651 Computational modeling validated these behavioral findings. Participants with higher
652 baseline C choice rates were found to be better fit by frequency-sensitive Decay class models in t
653 he frequency condition but not frequency-insensitive Delta class models. In the Hybrid model,
654 which combines a purely value-based and a purely frequency-based process with a weighting
655 parameter, these good learners showed greater reliance on the frequency-based process when the
656 less valuable option was rewarded more often. Together, these results suggest that individuals
657 who demonstrate stronger baseline learning are also those more likely to shift toward frequency-
658 based processing when strong frequency cues are present, thereby exhibiting stronger frequency
659 effects.



20

660 Since the IGT gained popularity, it has often been assumed that focusing on reward
661 frequency while neglecting underlying reward values reflects impaired value learning associated
662 with neuropsychological deficits (Bechara, 2000; Bechara et al., 1994, 1996, 1999). However,
663 more recent studies consistently demonstrate that even healthy participants prefer options
664 yielding more frequent rewards, despite their lower average value (Chiu et al., 2008; Don et al.,
665 2019; Horstmann et al., 2012; Hu et al., 2025; Kumar et al., 2019; Lin et al., 2007; Steingroever
666 et al., 2013). This suggests that reward frequency is not merely a marker of deficit, but potentiall
667 y a fundamental component of human value learning and decision-making. Evidence from both
668 the IGT and its inverted version further underscores this point by demonstrating that frequent
669 small wins outweigh infrequent large losses, leading participants to view the frequently rewarded
670 option as superior (Horstmann et al., 2012; Overman et al., 2004; Steingroever et al., 2013). C
671 onversely, frequent small losses overshadow infrequent large wins, prompting participants to
672 avoid these options even when the long-term value is positive (Lin et al., 2012). In the present
673 study, we extend this literature by showing that reward frequency plays an indispensable role in
674 shaping subjectively perceived values. Crucially, individuals with stronger baseline learning and
675 decision-making performance exhibited more pronounced, seemingly irrational, frequency
676 effects. This pattern supports the view that frequency effects are not simply a sign of flawed
677 learning in complex environments. Instead, they may reflect an adaptive strategy shift, where
678 good learners are able to actively perceive, process, and integrate frequency cues into their
679 decision-making as part of a flexible response to environmental demands.
680 That said, our findings do not preclude the possibility that a rigid, excessive focus on
681 reward frequency can be maladaptive. Prior research shows that frequency effects at the group
682 level typically emerge only under conditions of highly elevated environmental uncertainty (Hu et
683 al., 2025). Attending exclusively to immediate rewards, without regard to long-term payoffs, in
684 environments that do not necessitate such a strategy switch may signal deficient cognitive
685 functioning, such as low self-control (Pang et al., 2015). Thus, the adaptiveness of seemingly
686 irrational heuristics, such as frequency effects, depends on whether the environment calls for a
687 flexible shift away from purely value-based decision-making, but may become harmful when
688 value-based strategies remain tractable. Overall, our findings emphasize that frequency effects
689 are neither a mere cognitive flaw nor a one-size-fits-all strategy. Rather, it may serve as a
690 context-dependent adaptive tool that enables decision-makers to flexibly balance efficiency and
691 accuracy when navigating uncertain environments.
692 Limitations
693 One limitation of the present study is that the adaptive switching from value-based
694 decision-making to seemingly irrational mental shortcuts was examined only in the context of
695 frequency effects in reinforcement learning. Other heuristics that are not necessarily tied to
696 reward frequency, such as take-the-best, one-clever-clue, and fast-and-frugal trees (Gigerenzer &
697 Gaissmaier, 2011), require further investigation to determine whether they, too, emerge more str
698 ongly in better learners. Relatedly, although we found no evidence that better learners were picki
699 ng up alternative heuristic processes beyond reward frequency in our comparison model set (e.g.,
700 gain-loss asymmetry assumed by PVL models, or positive-negative prediction error asymmetry
701 assumed by the Delta Asymmetric model), it remains possible that they may engage other
702 heuristics uncaptured by the set of comparison models used here. In addition, it remains unclear
703 whether such strategy switching persists in environments characterized by low to moderate
704 uncertainty. We speculate that individuals with stronger learning performance may be more
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705 resilient to frequency-based biases when the environment is relatively simple to grasp, but this
706 possibility awaits empirical testing. Finally, this study was not preregistered. Future preregistered
707 replication work that extends our findings or tests our predictions will be critical for further
708 validating and refining our results.
709 Conclusions
710 In conclusion, the present study demonstrates that frequency effects, as long considered
711 markers of impaired value learning, may instead reflect an adaptive shift in strategy, particularly
712 among individuals with stronger learning performance. By combining behavioral analyses with
713 computational modeling, we showed that better learners not only displayed stronger frequency
714 effects under reward-frequency manipulation but were also best captured by frequency-sensitive
715 models. These findings suggest that what appears to be irrational bias may, under conditions of
716 uncertainty, represent a flexible adaptation when value-based strategies are costly or unreliable.
717 Ultimately, clarifying when and why individuals adopt such seemingly irrational biases will
718 advance our understanding of the balance between rational value learning and adaptive shortcuts
719 in human decision-making, offering deeper insight into the nature of human rationality in
720 ecological, real-world contexts.
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