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eLife Assessment

Murrell et al. describe a high-throughput method, the Feeding Experimentation Device
(FED3), to study food foraging strategies in mice. The authors provide solid evidence
about key sex differences in foraging strategies, specifically the finding of greater male
win-stay behavior. Further consideration of how sex differences could be uniquely
influenced by FED3 testing conditions (e.g., single-housing, hormones) and task demands
(e.g., 100-0 vs. 80-20) would be helpful. Given this open source FED3 platform, the authors
provide valuable findings that have utility to the field of behavioral neuroscience,
specifically to those interested in studying reward-related behavior.

https://doi.org/10.7554/eLife.111657.1.sa3

Abstract

The exploration-exploitation trade-off refers to the conflict between using known strategies that
reliably yield reward (exploitation) and sampling uncertain options that might yield better
outcomes (exploration). Dysregulation of this balance is implicated in neuropsychiatric disease,
and while sex differences in this balance have been described, the biological bases remain
unclear. To quantify sex differences in this trade-off, we tested mice (n=74 male, 62 female) on
four home-cage based foraging tasks with an operant pellet dispensing device, Feeding
Experimentation Device 3 (FED3). Mice completed the tasks continuously over multiple days and
the tasks were their only source of food. Across multiple tasks, males showed higher win-stay
behaviour than females, indicating greater exploitation of previously rewarded actions, an effect
that was modest in size but highly significant. Power analyses revealed that >30 mice per sex were
needed to detect these modest but significant sex differences with 80% power. No consistent sex
differences were observed in pellet intake, suggesting that differences in exploitation did not
reflect differences in hunger drive or demand for pellets. Exploitation is a more efficient strategy
when environmental parameters are fixed, while exploration can be more advantageous when
parameters such as reward locations are changing and uncertain. We tested this idea by re-
running our mice in a probabilistic foraging task, where actions led to uncertain probabilities of
reward. While males continued to show higher levels of win-stay behaviour on this task, this no
longer led to increases in accuracy. Behavioural modelling also supported this framework,
demonstrating that stronger win-stay behaviour was most advantageous in deterministic models,
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and less advantageous in probabilistic models. Together, our findings demonstrate that male and
female mice have small but significant differences in their exploration-exploitation balance, which
leads to more accurate foraging in certain, but not uncertain, environments.

Introduction

Animals must make decisions under uncertainty to survive in changing environments. For
example, when animals leave the safety of their nest, they need to decide whether to forage for
food in locations where they previously obtained food, or to explore new locations that might
contain better outcomes. This has been framed as a balance between “exploitation” versus
“exploration” (Speekenbrink and Konstantinidis 20157 ; Sutton and Barto 1998 ). Should animals
exploit known information to reap certain rewards? Or should they devote time and energy to
exploration to learn new things about the environment? Difficulties in balancing these processes
have been implicated in neurodevelopmental and neuropsychiatric disorders. For example, too
much exploration may be linked to impulsive behaviour and indecision (Dubois and Hauser

interests/ repetitive behaviours in autism (Goetmaeckers et al. 20257 ; Solomon et al. 2011(2). Sex
differences in the balance of exploitation versus exploration have been reported in both humans
and rodents, although the literature on which sex has a stronger drive for exploitation is
inconclusive and potentially contradictory (Chen et al. 2021 (%; van den Bos et al. 2012 (@ ; Kalhan
et al. 2026 @). These observations suggest that exploration-exploitation strategies may serve as a

al. 20177 ; Werling and Geschwind 2013 %) and substance use disorders (Becker and Hu 2008 (% ;
Van Etten et al. 1999 (2 ; McHugh et al. 2018 %), while adult females have higher rates of OCD
(Mathis et al. 2011 @ ; Mathes et al. 2019 @). To address this, we tested whether male or female
mice had a stronger drive for exploitation, and we quantified how this impacts the efficiency of
their foraging behaviour in multiple food-rewarded operant tasks.

Many prior studies examining exploration and exploitation were conducted in male animals,
precluding comparisons between the sexes. Only in recent years have researchers challenged the
assumption of reduced variability in males (Beery 2018 2 ; Kaluve et al. 2022 (2), and emphasized
the importance of sex as a biological variable (Clayton 2016(%; Lee 20187 ; Grissom et al. 2024 (%),
Due in part to the limited number of studies that directly compare male and female animals, it
remains unclear whether males or females have a higher drive for exploitation or exploration. It
has also become clear that the specific task structure can also influence these processes, making it
challenging to compare between different tasks. For example, in a restless two armed bandit task,
Chen et al., reported that although male and female mice achieved similar accuracy on the task,
males displayed a greater tendency to explore whereas females were more likely to exploit known
information (Chen et al. 2021 (). In contrast, other studies have reported evidence for greater
exploitation in males: male rats showed an increased win-stay strategy (i.e., exploitative, or stick
with what works) compared to females in both a rodent Iowa Gambling task (van den Bos et al.

not detected sex differences in exploitation in reversal learning paradigms (Harris et al. 2021 (%;
Chowdhury et al. 2019 ; Murdaugh et al. 2024 %). The lack of agreement of prior literature may
reflect differences in task structure between studies, or small group sizes that are not adequately
powered to reliably detect differences in decision-making strategies between males and females
(Button et al. 2013®).

Here, we sought to quantify sex differences in exploitation between male and female mice. To
obtain a sufficiently large sample size to resolve this question, we relied on high-throughput
behavioural assays completed in home cages using the Feeding Experimentation Device 3 (FED3)
(Matikainen-Ankney et al. 2021 (@). In this way, mice could earn all their daily food in a closed-
economy design, reducing the impact of experimenter interventions and other disruptions on
behaviour, and allowing us to test >130 mice overall. We tested mice on four tasks designed to
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assess exploitation, as well as food demand and motivation. Across these four tests, we detected
small but significant differences in exploitation drive, such that male mice were more likely to
exploit known information, which made them more efficient foragers in tasks with deterministic
outcomes, but not in tasks with less certain outcomes.

Results

One hundred and thirty-six C57BL/6] mice (62F/74M) between 8-16 weeks of age were tested on
four home-cage tasks, taking place across 2 weeks (see Methods). The tasks were programmed into
a FED3 (Matikainen-Ankney et al. 2021 (%), which was placed in the cage with the mice as to collect
continuous data. Mice were single housed and earned all their food from these tasks in a “closed
economy” design (Collier 1989 ).

The first task was a two-armed “Bandit 100:0” task, where one nose-poke resulted in a pellet while
the other resulted in a 10s timeout (Figure 1A2). Every 20 pellets, these contingencies switched so
that the previously inactive nose-poke delivered a pellet, while the previously active nose-poke

resulted in a timeout. The bandit task was run for 3 days straight, with females earning an average

of 176 + 3 pellets per day, while males earned an average of 179 + 3 pellets per day (unpaired t-test,

meaning they more often poked on the side that was paired with the pellet (M =63.9 + 5.9%, F =
60.6 + 4.6%, unpaired t-test p = 0.001, Figure 1C(%). We therefore compared the decision-making
strategies of male and female mice on this task, to test if differences in exploitation might relate to
these differences in accuracy. We parsed trials into a “win-stay” and “lose-stay” decisions. “Win-
stay” meant they returned to the same nose-poke following a rewarded trial, which reflects
exploitation. “Lose-stay” is the converse of “lose-shift” and describes trials where mice returned to

the same nose-poke following a time-out (see Methods). Males had a significantly higher

unpaired t-test p = 1.0). We fit a logistic regression model to predict the current choice using their
choices on the previous five trials. In both males and females, a rewarded choice on the previous
trial was a strong predictor of their choice next trial (Odds ratios for M: 2.89 + 0.14, F: 2.24 + 0.13,
Figure 1F (%), although this prediction was stronger for males. In both sexes, further trials back

mice exhibit strong win-stay behaviour in this task, but males have higher levels of win-stay and
accuracy than females.

We next tested whether the difference in win-stay strategy in male mice might reflect a general sex
difference observable even outside the Bandit task. Directly following the third day of the Bandit
task, mice were trained for an additional day on a Fixed-Ratio 1 (FR1) task, where the Left port
remained active for one day without switching and the right port delivered no consequence
(Figure 2A%). Mice rapidly learned to stop switching and direct most of their poking to the active

0.001). This suggests that the increased propensity of male mice to repeat previously rewarded
actions was not unique to the Bandit task but reflected a more general trait of male mice.

To compare the stability of individual mouse behaviour between Bandit and FR1, we performed
correlational analyses that revealed positive correlations for pellets earned, number of pokes,
performed principal component analysis (PCA) on these features, revealing that PC1 provided
relatively strong separation between male and female mice (Figure 2F ). Among the features
contributing most strongly to PC1 across the two tasks were accuracy, win-stay, total pokes and
retrieval time (Which was faster for males). We therefore trained a logistic regression model to

predict sex from these four features from the Bandit 100:0 and FR1 task, summarizing its
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A) Schematic of the Bandit 100:0 task. B) Example of mouse behaviour, each datapoint represents the average choice
proportion of 10 trials in a rolling window (F red M blue) with the grey trace indicating the true reward probability in the
Bandit 100:0 task. C, D, E) Accuracy, win-stay and lose-stay probability of females vs males (n = 62F / 74M). F) Logistic
regression predicting the current choice from the previous 5 choices. P-values were the result of unpaired 2-tailed t-tests,
Bonferroni corrected.
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Figure 2.

A) Schematic of the fixed ratio 1 (FR1) task with example traces of a single female and male trial (F red, M blue). B, Accuracy
over 24 hours, binned in Thr bins. C, D) Accuracy and win-stay probability of females vs males (n = 62F / 74M). E) Significant
correlations of the same metrics between the Bandit 100:0 and FR1 task. F) PCA analysis of 14 behavioural features from

Bandit 100:0 and FR1 tasks cluster male (blue) and female (red) mice. G) Confusion matrix predicting sex from our

behavioural data using accuracy, win-stay, total pokes and retrieval time from Bandit 100:0 and FR1 tasks. P-values were the

result of unpaired 2-tailed t-tests, Bonferroni corrected.
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classified mice with an overall accuracy of 71.3%, demonstrating that this set of behavioural
features was sufficient to distinguish male from female mice with moderate accuracy.

Prior literature has shown that win-stay behaviour is most beneficial in deterministic
environments, where reward reliably identifies the correct response, but is less useful in
probabilistic environments in which unrewarded trials can occur despite correct choices and
reward contingencies may reverse over time (Swanson et al. 2022 ). To explore the possible
impact of win-stay on accuracy in different environments, we modelled a win-stay lose-shift

changing the win-stay parameter systematically between 0.5 and 1.0. This modelling revealed that
stronger levels of win-stay resulted in higher accuracy of our agent in deterministic environments,
modelled behaviour closely fit the empirically measured behaviour. Specifically, we observed a
strong positive relationship between win-stay and accuracy in the model, and in the win-stay

Therefore, to empirically test if the stronger win-stay behaviour of male mice failed to boost
accuracy in a probabilistic environment, we tested these same mice on a probabilistic variant of
the Bandit task for 2 additional days, with probabilities of receiving a pellet or time-out set at 80%
vs. 20%, and again switching every 20 pellets (Figure 3C, D). Consistent with our prediction,
male mice were no longer more accurate (defined as percentage of pokes on the high probability
port) than female mice on this task variant (M = 59.1 + 0.7%, F = 59.1 + 0.6%, Figure 3E &3, unpaired
t test p = 1.0). We also observed no significant differences in the number of pellets (M =165 + 3, F =
174 + 3 unpaired t test p = 0.08) or pokes between male and female mice (M =593 + 12, F = 629 + 10
unpaired t test p = 0.08). Male mice still had a higher percentage of win-stay trials than female
mice (M = 88.8 + 0.6%, F = 84.6 + 0.7%, Figure 3F (4, unpaired t-test p < 0.001), again demonstrating
that this appears to be a stable sex difference between male and female mice. We compared this
empirical data to the simulated WSLS agent, again observing strong overlap, although the positive
relationships between win-stay behaviour and accuracy were not as strong in the modelled or

empirical data (Figure 3G®).

It is possible that the enhanced win-stay behaviour of male mice reflects a higher motivation or
demand for pellets. To test this, we tested these same mice for a final 2 days of a resetting progress
ratio 1 (PR1) task (Matikainen-Ankney et al. 2021 ). In this task, mice start by earning a pellet with
one poke, after which the number of pokes required to earn each pellet increases by one for each
earned pellet (Figure 4A2). The contingency reset to one poke if they withheld poking for 30

There were no significant differences in the number of pellets taken (M =118 + 2, F = 117 + 4,
Figure 4C(Z, unpaired t-test p = 1.0), or pokes (M = 3663 + 181, F = 3528 + 168, unpaired t-test p =

1.0). Males had significantly higher “accuracy”, defined as the percentage of pokes on the active
port (M = 83 + 0.6%, F = 79.8 + 0.6%, Figure 4C 2, unpaired t-test p = 0.001). However, there was no

modelled the PR1 task as a “demand curve”, plotting the number of pellets earned at each ratio
(Atalayer and Rowland 2011 @). The average demand curve of male vs female mice overlapped
nearly completely (Figure 4E(72), and modelled curve parameters of alpha, and beta (slope) were

results being explained by gross differences in food demand or willingness to work for pellets
between male and female mice.
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behavioural data overlayed with simulated model data. C) Schematic of Bandit 80:20 task. D) Example of mouse behaviour,
each datapoint represents the average choice proportion of 10 trials in a rolling window (F red, M blue) with the grey trace
indicating the true reward probability in the Bandit 80:20 task. E, F) Accuracy and win-stay probability of females vs males (n =
62F/74M). G) Fit of Bandit 80:20 behavioural data overlayed with simulated model data. P-values were the result of unpaired
2-tailed t-tests, Bonferroni corrected.
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Figure 4.

A) Schematic of the progressive ratio 1 task. B) Example of pellets earned over 48 hours, showing “runs” of pellets at
increasing poke requirements. C, D) Accuracy and median break point between males and females (n = 62F, 74M). E) Demand
curves displaying average consumption of male vs. female mice at each FR (price), with the alpha (price at 50% consumption)
and slope of the curve. F) The average number of runs in male and female mice. G, H) Modeled parameters alpha and slope
between males and females. P-values were the result of unpaired 2-tailed t-tests, Bonferroni corrected.
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Our sample size (n = 62F / 74M) is larger than many prior decision-making studies in rodents
(Figure 5A®). The size of our data set allowed us to model the statistical power of our findings and

estimate how likely other researchers would be to replicate our observed sex differences in win-
stay behaviour with smaller sample sizes. We simulated experiments of different sample sizes
from N = 4 to 60 mice by sampling randomly from our full dataset 1000x at each N (Figure 5B(®).

Each sample was tested for significance, empirically determining the statistical power (the
percentage of significant tests) at each N (Figure 5B (@). The sample size needed to achieve
statistical power of 80% was 30 mice per group. We also performed an analytical power analysis
with the solve_power() function in the statsmodels Python package, finding a largely overlapping
curves (Figure 5C@). Importantly, both power curves fell off drastically at lower numbers, with a
power of just 20% at 10 mice per group, a common size used in behavioural neuroscience
experiments (Figure 5C% ). We conclude that small sample sizes and under-powered experiments

may contribute to a lack of consistent conclusions regarding sex differences in win-stay and lose-
shift decision-making strategies between different labs (Button et al. 2013(®).

Discussion

We aimed to understand sex differences in explore vs. exploit decisions between male and female
mice using closed economy, high-throughput, home-cage tasks. Across multiple tasks, males
showed stronger exploitative choice patterns, more likely repeating actions that led to prior
rewards (ie: win-stay behaviour). Although these effect sizes were small (approximately 5%
difference in behaviour), they were highly significant and not explained by differences in food
motivation as assessed by pellet intake, breakpoints, and demand curves in a progressive-ratio
task. In the deterministic bandit task, but not the probabilistic task, greater exploitation in males
was also associated with more efficient foraging, highlighting an interesting interaction between
exploitation, efficiency, and environmental certainty. This relationship was supported by
behavioural modelling with a win-stay lose-shift (WSLS) agent, suggesting that exploitation
produces stronger benefits in more deterministic environments, while exploration may provide
additional benefits in less certain environments.

This pattern is consistent with optimal foraging theory, which proposes that animals maximize
caloric intake relative to the costs of time and effort (Charnov 1976 (2 ; Pyke 1984 (2). In patch-
based models of foraging, animals must balance exploitation of a specific resource, or “patch” of
food, against leaving the patch to explore potentially better options elsewhere. The sex differences
in our home-cage tasks align with field observations showing that males spend longer times
exploiting food patches than females (Inglis et al. 1996 & ; Garcia et al. 2023), and also with
evidence that males persist longer in risky foraging contexts than females (Pellman et al. 2017 2).
Given the similarity between these observations and our home-cage tasks, the relative propensity
for exploitation may be a stable sex-difference between male and female mice.

The contrast between deterministic and probabilistic environments clarifies the conditions under
which these strategies are adaptive. In the deterministic Bandit 100:0 task, exploitation was
advantageous and resulted in greater efficiency of foraging in male mice. However, in the
probabilistic Bandit 80:20 task, exploitative behaviour was less beneficial and was no longer
associated with significantly greater foraging efficiency in male mice. Although there were only
two options in this task, the exploitative strategy that no longer produced higher foraging
efficiency, also came at the cost of not exploring other options. This raises the possibility that in
more complex environments with multiple options, less exploitative strategies could be more
optimal, especially if they enhance exploration and lead to discovery of alternative advantageous
options more quickly. Overall, our results support the idea that male and female mice differ in
how they solve foraging decisions: males tend to favour exploitation while females rely less on
exploitation, consistent with a greater drive for exploration. Neither approach is inherently more
optimal across the board, as exploitation produces more optimal foraging in deterministic
environments, but not in probabilistic environments.
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A) The distribution of win-stay % on the Bandit 100:0 task (F red, M blue). Dashed lines represent the mean win-stay % of each
sex. B) Schematic of sampling procedure for choosing between 4 and 60 mice per group for empirical power analyses. C)
Comparison of empirical vs. analytic power for detecting a sex-difference in win-stay % at different sample sizes.
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Historically, decision-making studies in rodents have been relatively low throughput, and
therefore restricted to smaller sample sizes (Button et al. 2013 (). This may have limited their
power to detect subtle or more variable sex differences. To address this, we took a high-
throughput home-cage approach, which allowed us to acquire a large data set of 136 mice across 4
tasks each. The statistical power afforded by our dataset revealed small but significant sex-
differences in foraging efficiency and strategy, which would likely not have been detected in
traditionally powered experiments. Specifically, simulations suggested that the significant effects
reported here would be difficult to reliably detect with group sizes smaller than 30 mice per sex. It
is worth noting that this recommendation is specific for win-stay behaviour. Smaller group sizes
may still be sufficiently powered to detect larger behavioural differences, or those that have less
biological variability. We make all our raw behavioural data and analysis code freely available
online, in part to encourage exploration of power relationships for other metrics in this data.

There are limitations to our study. First, our tasks were trained for a maximum of 3 days in the
home cage, which is a relatively short time. While this abbreviated training period had important
advantages for throughput, it may have limited our ability to detect other sex-specific differences
in strategy that may have emerged with longer training periods. For example in a different set up
of the bandit task the Internal Brain Laboratory test the duration it takes for mice to become
proficient at an 80:20 bandit task, and suggest this takes on average 20 thousand trials (The
International Brain Laboratory et al. 2021 (% ). Moreover, a study tested one reversal after
acquisition on the left poke and find it takes the mice 400 trial to reach an accuracy of 85% after
the reversal (Murdaugh et al. 2024 ). Our tasks have an average trial duration of 859 trials
(Bandit 100:0) and 611 trials (Bandit 80:20) and reverse every 20 rewards. Future studies which
run these tasks over 6-8 weeks could test when animals may completely learn the task structure
and whether their strategy differs with extended experience. For example, mice of both sexes
showed a strong influence of win-stay behaviour on their overall strategy in this task, with little
evidence that choices further back in time influenced current decisions. Fully trained mice on the
bandit tasks could decipher whether males are still less accurate due to an increased win-stay or if
more efficient strategies emerge. Second, although we interpreted the higher win-stay behaviour
of males as reflecting greater exploitation of known rewards, this is not necessarily the only
explanation. Higher win-stay could reflect differences in learning rate, repetitive behaviours, or
sensitivity to rewards between male and female mice. While we explored food motivation and
demand with the PR1 task, further experiments may be needed to dissociate these processes more
fully. Third, we did not track estrous cycle of the female mice in these experiments, which could
potentially contribute to differences in exploitation. Tasks were run across 2 weeks and mice were
sampled over random periods, yet the same general trend was seen in multiple tasks over that
period, suggesting that estrous cycle was not a primary driver of sex differences. However,
formally testing effects of estrous cycle would require dedicated experiments. Finally, all
experiments were performed in single-housed C57BL/6] mice in our specific home-cage based
tasks. Although this was advantageous for collecting large-scale behavioural data, our results may
not necessarily generalize to other strains, housing conditions, or tasks.

We conclude that male mice exhibit slightly but reliably higher levels of exploitation than female
mice. These differences were consistent across multiple tasks, were not explained by differences
in food motivation, and had distinct behavioural consequences depending on environmental
certainty, with greater exploitative bias conferring an advantage in deterministic but not
probabilistic settings. Importantly, both sexes successfully met their energetic needs, indicating
that neither strategy was inherently superior, but rather that males and females differ in how they
select and deploy decision-making policies. These findings suggest that exploration-exploitation
balance represents a behavioural phenotype reflecting underlying computational and
neurobiological mechanisms, potentially including differences in reinforcement learning
parameters, action repetition biases, or neuromodulatory systems such as dopaminergic
signalling. In this context, sex differences in strategy may provide a framework for understanding
sex-biased vulnerability in neuropsychiatric disorders characterized by maladaptive exploration
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or exploitation. More broadly, our results highlight that sex differences in decision-making arise
from differences in strategy selection rather than overall performance, emphasizing that multiple
behavioural solutions can support successful outcomes in dynamic environments.

Methods
Mice and husbandry

C57BL/6] background mice were individually housed for each experiment on a 12h light/dark
cycle. Mice in this study were non-mutant littermates of mice that were bred for the WUSMAC
project (https://sites.wustl.edu/wusmac/%) and therefore had at least one heterozygous parent and
siblings that contained mutations for genes that have been linked to developmental disorders or
schizophrenia (Table 1). All procedures were approved by the Animal Care and Use Committees at
Washington University in St Louis.

Diets

Grain pellets (20mg grain-based pellets, 10% fat, 25% protein, 64% carbohydrates, 3.35kcal/gm
metabolizable energy, Bio-Serv F0163) were provided via the FED3 device on testing days, and
standard laboratory chow (5053 - PicoLab® Rodent Diet 20, 13% fat, 24% protein, 62%
carbohydrates, 3.02kcal/gm metabolizable energy) was provided ad libitum when FED3 was not in
the cage. Water was always available ad libitum.

Behavioural testing: FED3

Behavioural testing was conducted using the Feeding Experimentation Device 3 (FED3), a battery-
powered, programmable pellet dispenser (Matikainen-Ankney et al. 2021 (2). FED3 devices were
placed in the home cage, allowing mice to interact with the device around the clock for multiple
days under closed-economy conditions, meaning that all food pellets were earned from the FED3
device. Across all tasks, FED3 logged the timing of nose-pokes, pellet deliveries, and pellet
retrievals for offline analysis. Each mouse completed four tasks on FED3 in this study, taking place
across two weeks. Bandit 100:0 (3 days) and FR1 (1 day) were completed in the first week, while
Bandit 80:20 (2 days) and PR1 (2 days) were completed in the second week. Mice were returned to
ad libitum chow with the FED3 removed from their cage during the weekend between the two
testing weeks.

Exclusion criteria for behaviour testing

Mice were excluded based on predefined criteria to ensure data quality and animal welfare. Mice
were excluded if they did not achieve enough calories in a day defined as 75 pellets across any
tasks. Sessions were also excluded in cases of technical issues, including device malfunctions,
pellet dispenser jams, or data logging failures. Animals were further excluded if we did not have a
full data set of all four behavioural tasks after accounting for session-level exclusions.

Bandit 100:0

In the 100:0 bandit task, poking on one nose-poke resulted in pellet delivery with 100% probability,
whereas poking other resulted in a 10-second timeout with a white noise stimulus delivered the
entire time. These contingencies switched every 20 pellets, such that the previously rewarded port
now delivered the 10-second timeout, and the previously unrewarded port delivered a pellet. As in
all FED3 tasks, a new pellet could not be earned until the previously delivered pellet was removed
from the well. All mice completed this task for 3 days straight, resulting in 15-20 contingency
switches.

Fixed-ratio 1 (FR1)

In FR1, the Left nose-poke delivered a pellet, while the other poke had no programmed
consequence. After pellet delivery, the mouse was required to retrieve the pellet from the food
well before another pellet could be earned, preventing pellet accumulation in the hopper. There
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was no additional timeout after pellet retrieval, so mice could earn pellets as quickly as they ate
them.

Bandit 80:20

This variant of the Bandit task reduced the probability of reward from 100% to 80% on the high-
value port, and increased the probability of reward from 0% to 20% on the low-value port. All
trials where a pellet was not delivered resulted in a 10s timeout with white noise stimulus,
regardless of whether they occurred on the high or low-value port. Mice completed this task for 2
days straight.

Progressive-ratio 1 (PR1)

In PR1, mice started by earning a pellet with one poke on the Left side, and for each successive
pellet the response requirement increased by one nose-poke. Thus, the second pellet required two
pokes, the third required three pokes, etc. Because the task was run continuously in the home cage
under closed-economy conditions, a reset rule was used to allow animals to reset the ratio after
pauses in responding: if the mouse made no nose-poke on the left for 30 minutes (defined as a
“break-point”), the response requirement reset back to 1. In this way, animals completed multiple
“runs” across the task, allowing us to obtain repeated measurements of breakpoints and other
metrics.

Behavioural modelling

We modelled behaviour of an agent interacting with FED3 using a win-stay lose-shift (WSLS)
strategy. The WSLS agent followed a simple trial-by-trial heuristic: after a rewarded choice, it
repeated the same choice on the next trial (“stay”) with a set probability, whereas after an
unrewarded choice, it switched with a set “lose-shift” probability. The “lose-shift” probability was
fixed at 0.5, while the “win-stay” probability was systematically varied between 0.5 and 1.0. A fixed
lapse parameter was also used, such that on 25% of trials the agent dropped this WSLS rule and
instead made a random choice. The lapse parameter was obtained by fitting modelled
performance to empirical data. Model was run for 100 simulated mice at each probability pair
(100-0, 90-10, 80-20, 70-30, and 60-40), with 300 simulated trials per mouse.

Principal Component Analysis and classification of sex

For dimensionality reduction, we performed principal component analysis (PCA) on behavioural
metrics extracted from the FR1 and Bandit100 tasks. The analysis included seven behavioural
metrics from the Bandit 100 and FR1 task: Pellets, Pokes, Accuracy, Win-stay, Lose-stay, Retrieval
time and Poke time. Before PCA, all behavioural metrics were normalised using z-scores. PCA was
then performed, and the first two principal components were used for visualisation. Mice were
plotted in PC1-PC2 space and coloured by sex. To identify the behavioural metrics contributing
most strongly to the primary axis of variation, PC1 loadings were extracted and ranked by
absolute magnitude. The six variables with the largest absolute PC1 loadings (Retrieval time, Win-
stay and Accuracy from both Bandit 100 and FR1) were selected for downstream classification
analyses.

Data analysis and statistics

CSV files generated by FED3 were processed with custom python scripts (Python, version 3.6.7,
Python Software Foundation, Wilmington, DE). Data wrangling and plotting used Pandas

were used to compare groups as appropriate, using Bonferroni corrections to control family-wise
error rate. P-values < 0.05 were considered significant. Data sets are presented as mean + SEM.
Numbers of animals per experiment is listed as n=number of animals. ChatGPT and Google Gemini
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were used for assistance with coding, but the Authors take full responsibility for all analysis code.
All data and analysis and visualization code are available at
https://github.com/KravitzLab/Murrell2026 5.

Demand curve modelling for the PR1 task

PR1 data were modelled as a behavioural economic demand curve by quantifying the number of
pellets earned as a function of fixed-ratio requirement (i.e., price) (Atalayer and Rowland 2011 ).
Demand curves were fit separately for each mouse and normalized to maximal consumption at
QO, the theoretical consumption at zero cost. The parameter a, representing the food price at
which consumption declined to 50% of its maximal value, provides an index of demand elasticity.
We also report the slope at a, which reflects how sharply consumption falls around this transition
point and thus provides an index of cost sensitivity across the dynamic range of the curve.

Power analyses

We performed both empirical and analytical power analyses on our data. For the empirical
testing, we randomly sampled win-stay probabilities in groups of between 4 and 60 males and
females 1000x times. Each sample was tested for significance, noting the percentage of the 1000
samples that achieved significance. This was plotted as the empirically derived statistical power.
We also used the solve_power() method from statsmodels to analytically determine the power at
the same sample sizes between 4 and 60 subjects per group.

Data availability

All data and code to analyze data and render figures is open accessible at:
https://github.com/KravitzLab/Murrell2026 &

Acknowledgements

This work was supported by the NTH R01DK136810 (AVK), DK138131 (AVK), RM1MH138313 (JDD,
SEM, AVK), DA049924 (MCC), NIH P50 HD103525 (JDD) and SFARI 734069 (JDD), and the Taylor
Family Institute for Innovative Psychiatric Research, Washington University School of Medicine.
We thank the Animal Behaviour Subunit of the IDDRC at WashU for access to procedural space,
and the Department of Neuroscience NeuroTech Hub for technical assistance.

Additional files

Supplementary file 1. @&

Additional information

Funding
Funder Grant reference number Author
. . . Alexxai V Kravitz
HHS | NIH | National Institute of Diabetes and .
R01DK136810 Alex A Legaria

Digestive and Kidney Diseases (NIDDK)
Chantelle L Murrell

Author ORCID iDs

Chantelle L Murrell: © https://orcid.org/0009-0004-4678-0601
Joseph D Dougherty: © https://orcid.org/0000-0002-6385-3997
Alexxai V Kravitz: © https://orcid.org/0000-0001-5983-0218

Murrell et al., 2026 eLife 15:RP111657. https://doi.org/10.7554/eLife.111657.1

14 of 19


https://doi.org/10.7554/eLife.111657.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://github.com/KravitzLab/Murrell2026
https://github.com/KravitzLab/Murrell2026
https://prod--epp.elifesciences.org/api/files/111657/v1/content/Table1.pdf
https://orcid.org/0009-0004-4678-0601
https://orcid.org/0009-0004-4678-0601
https://orcid.org/0009-0004-4678-0601
https://orcid.org/0000-0002-6385-3997
https://orcid.org/0000-0002-6385-3997
https://orcid.org/0000-0002-6385-3997
https://orcid.org/0000-0001-5983-0218
https://orcid.org/0000-0001-5983-0218
https://orcid.org/0000-0001-5983-0218
https://elifesciences.org/subjects/neuroscience

:;‘/...‘ eLife Neuroscience

References

Atalayer Deniz, Rowland Neil E (2011) Structure of Motivation Using Food Demand in Mice.
Physiology & Behavior 104:15-19 https://doi.org/10.1016/j.physbeh.2011.04.042 | PubMed

Becker Jill B, Hu Ming (2008) Sex Differences in Drug Abuse. Frontiers in Neuroendocrinology
29:36-47 https://doi.org/10.1016/j.yfrne.2007.07.003 | PubMed

Beery Annaliese K (2018) Inclusion of Females Does Not Increase Variability in Rodent Research
Studies. Current Opinion in Behavioral Sciences, Sex and Gender 23:143-49
https://doi.org/10.1016/j.cobeha.2018.06.016 | PubMed

Bos Ruud van den, Jolles Jolle, van der Knaap Lisette, Baars Annemarie, de Visser Leonie (2012) Male
and Female Wistar Rats Differ in Decision-Making Performance in a Rodent Version of the Iowa
Gambling Task. Behavioural Brain Research 234:375-79 https://doi.org/10.1016/j.bbr.2012.07.015

Button Katherine S, Ioannidis John PA, Mokrysz Claire, et al. (2013) Power Failure: Why Small Sample
Size Undermines the Reliability of Neuroscience. Nature Reviews. Neuroscience 14:365-76
https://doi.org/10.1038/nrn3475 | PubMed

Charnov Eric L (1976) Optimal Foraging, the Marginal Value Theorem. Theoretical Population Biology
9:129-36 https://doi.org/10.1016/0040-5809(76)90040-X | PubMed

Chen Cathy S, Knep Evan, Han Autumn, Ebitz R Becket, Grissom Nicola M (2021) Sex Differences in
Learning from Exploration. eLife 19 https://doi.org/10.7554/eLife.69748 | PubMed

Chowdhury Tara G, Wallin-Miller Kathryn G, Rear Alice A, et al. (2019) Sex Differences in Reward-and
Punishment-Guided Actions. Cognitive, Affective, & Behavioral Neuroscience 19:1404-17
https://doi.org/10.3758/s13415-019-00736-w | PubMed

Clayton Janine Austin (2016) Studying Both Sexes: A Guiding Principle for Biomedicine. The FASEB
Journal 30:519-24 https://doi.org/10.1096/f}.15-279554 | PubMed

Collier G (1989) The Economics of Hunger, Thirst, Satiety, and Regulation. Annals of the New York
Academy of Sciences 575:136-54 https://doi.org/10.1111/j.1749-6632.1989.th53238.x | PubMed

Dubois Magda, Hauser Tobias U (2022) Value-Free Random Exploration Is Linked to Impulsivity.
Nature Communications 13:4542 https://doi.org/10.1038/s41467-022-31918-9 | PubMed

Garcia Marissa, Gupta Sukriti, Wikenheiser Andrew M (2023) Sex Differences in Patch-Leaving
Foraging Decisions in Rats. Oxford Open Neuroscience 2:kvad011
https://doi.org/10.1093/oons/kvad011 | PubMed

Goetmaeckers Fien, Goris Judith, Wiersema Jan R, Verguts Tom, Braem Senne (2025) Different
Exploration Strategies along the Autism Spectrum: Diverging Effects of Autism Diagnosis and
Autism Traits. Molecular Autism 16:47 https://doi.org/10.1186/s13229-025-00679-9 | PubMed

Grissom Nicola M, Glewwe Nic, Chen Cathy, Giglio Erin (2024) Sex Mechanisms as Nonbinary
Influences on Cognitive Diversity. Hormones and Behavior 162:105544
https://doi.org/10.1016/j.yhbeh.2024.105544 | PubMed

Harris Carl, Aguirre Claudia, Kolli Saisriya, Das Kanak, Izquierdo Alicia, Soltani Alireza (2021) Unique
Features of Stimulus-Based Probabilistic Reversal Learning. Behavioral Neuroscience 135:550-70
https://doi.org/10.1037/bne0000474 | PubMed

Hunter John D (2007) Matplotlib: A 2D Graphics Environment. Computing in Science & Engineering
9:90-95 https://doi.org/10.1109/MCSE.2007.55

Inglis IR, Shepherd DS, Smith P, et al. (1996) Foraging Behaviour of Wild Rats (Rattus Norvegicus)
towards New Foods and Bait Containers. Applied Animal Behaviour Science 47:175-90
https://doi.org/10.1016/0168-1591(95)00674-5

Jami Ali, Abbaszade Sajjad, Vahabie Abdol-Hossein (2025) A Review on Exploration-Exploitation Trade-
off in Psychiatric Disorders. BMC Psychiatry 25:420 https://doi.org/10.1186/s12888-025-06837-w |
PubMed

Murrell et al., 2026 eLife 15:RP111657. https://doi.org/10.7554/eLife.111657.1 150f 19


https://doi.org/10.7554/eLife.111657.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1016/j.physbeh.2011.04.042
https://pubmed.ncbi.nlm.nih.gov/21549728
https://pubmed.ncbi.nlm.nih.gov/21549728
https://doi.org/10.1016/j.yfrne.2007.07.003
https://pubmed.ncbi.nlm.nih.gov/17904621
https://pubmed.ncbi.nlm.nih.gov/17904621
https://doi.org/10.1016/j.cobeha.2018.06.016
https://pubmed.ncbi.nlm.nih.gov/30560152
https://pubmed.ncbi.nlm.nih.gov/30560152
https://doi.org/10.1016/j.bbr.2012.07.015
https://doi.org/10.1038/nrn3475
https://pubmed.ncbi.nlm.nih.gov/23571845
https://pubmed.ncbi.nlm.nih.gov/23571845
https://doi.org/10.1016/0040-5809(76)90040-X
https://pubmed.ncbi.nlm.nih.gov/1273796
https://pubmed.ncbi.nlm.nih.gov/1273796
https://doi.org/10.7554/eLife.69748
https://pubmed.ncbi.nlm.nih.gov/34796870
https://pubmed.ncbi.nlm.nih.gov/34796870
https://doi.org/10.3758/s13415-019-00736-w
https://pubmed.ncbi.nlm.nih.gov/31342271
https://pubmed.ncbi.nlm.nih.gov/31342271
https://doi.org/10.1096/fj.15-279554
https://pubmed.ncbi.nlm.nih.gov/26514164
https://pubmed.ncbi.nlm.nih.gov/26514164
https://doi.org/10.1111/j.1749-6632.1989.tb53238.x
https://pubmed.ncbi.nlm.nih.gov/2699185
https://pubmed.ncbi.nlm.nih.gov/2699185
https://doi.org/10.1038/s41467-022-31918-9
https://pubmed.ncbi.nlm.nih.gov/35927257
https://pubmed.ncbi.nlm.nih.gov/35927257
https://doi.org/10.1093/oons/kvad011
https://pubmed.ncbi.nlm.nih.gov/38596244
https://pubmed.ncbi.nlm.nih.gov/38596244
https://doi.org/10.1186/s13229-025-00679-9
https://pubmed.ncbi.nlm.nih.gov/41029843
https://pubmed.ncbi.nlm.nih.gov/41029843
https://doi.org/10.1016/j.yhbeh.2024.105544
https://pubmed.ncbi.nlm.nih.gov/38643533
https://pubmed.ncbi.nlm.nih.gov/38643533
https://doi.org/10.1037/bne0000474
https://pubmed.ncbi.nlm.nih.gov/34460275
https://pubmed.ncbi.nlm.nih.gov/34460275
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1016/0168-1591(95)00674-5
https://doi.org/10.1186/s12888-025-06837-w
https://pubmed.ncbi.nlm.nih.gov/40287643
https://pubmed.ncbi.nlm.nih.gov/40287643
https://elifesciences.org/subjects/neuroscience

s eLife

Neuroscience

Kalhan Shivam, Magnard Robin, Zhang Zhenlong, Cheng Yifeng, Janak Patricia H (2026) Uncertainty
and Reward Histories Have Distinct Effects on Decisions after Wins and Losses. Scientific Reports
16:6795 https://doi.org/10.1038/s41598-026-37554-3 | PubMed

Kaluve Anagha M, Le Jenny T, Graham Bronwyn M (2022) Female Rodents Are Not More Variable than
Male Rodents: A Meta-Analysis of Preclinical Studies of Fear and Anxiety. Neuroscience &
Biobehavioral Reviews 143:104962 https://doi.org/10.1016/j.neubiorev.2022.104962 | PubMed

Le Nhat Minh, Yildirim Murat, Wang Yizhi, Sugihara Hiroki, Jazayeri Mehrdad, Sur Mriganka (2023)
Mixtures of Strategies Underlie Rodent Behavior during Reversal Learning. PLOS Computational
Biology 19:€1011430 https://doi.org/10.1371/journal.pcbi.1011430 | PubMed

Lee Suk Kyeong (2018) Sex as an Important Biological Variable in Biomedical Research. BVMB Reports
51:167-73 https://doi.org/10.5483/BMBRep.2018.51.4.034 | PubMed

Loomes Rachel, Hull Laura, Polmear William, Mandy Locke (2017) What Is the Male-to-Female Ratio in
Autism Spectrum Disorder? A Systematic Review and Meta-Analysis. Journal of the American Academy
of Child & Adolescent Psychiatry 56:466-74 https://doi.org/10.1016/j.jaac.2017.03.013 | PubMed

Mathes Brittany M, Morabito Danielle M, Schmidt Norman B (2019) Epidemiological and Clinical
Gender Differences in OCD. Current Psychiatry Reports 21:36 https://doi.org/10.1007/s11920-019-
1015-2 | PubMed

Mathis Maria Alice de, de Alvarenga Pedro, Funaro Guilherme, et al. (2011) Gender Differences in
Obsessive-Compulsive Disorder: A Literature Review. Revista Brasileira De Psiquiatria (Sao Paulo,
Brazil: 1999) 33:390-99 https://doi.org/10.1590/s1516-44462011000400014 | PubMed

Matikainen-Ankney Bridget A, Earnest Thomas, Ali Mohamed, et al. (2021) An Open-Source Device for
Measuring Food Intake and Operant Behavior in Rodent Home-Cages. eLife 10:e66173
https://doi.org/10.7554/eLife.66173 | PubMed

McHugh R Kathryn, Votaw Victoria R, Sugarman Dawn E, Greenfield Shelly F (2018) Sex and Gender
Differences in Substance Use Disorders. Clinical Psychology Review 66:12-23
https://doi.org/10.1016/j.cpr.2017.10.012 | PubMed

Mckinney Wes (2010) Data Structures for Statistical Computing in Python. In: Proceedings of the 9th
Python in Science Conference. https://doi.org/10.25080/majora-92bf1922-00a

Murdaugh Laura B, Brown Brieann, Chen Chin-Hui, et al. (2024) Examining Cognitive Performance in
Mice Using the Open-Source Operant Feeding Device FED3. bioRxiv
https://doi.org/10.1101/2024.04.04.588157

Pellman Blake A, Schuessler Bryan P, Tellakat Mohini, Kim Jeansok J (2017) Sexually Dimorphic Risk
Mitigation Strategies in Rats. eNeuro 4 https://doi.org/10.1523/ENEURO.0288-16.2017 | PubMed

Pyke Graham H (1984) Optimal Foraging Theory: A Critical Review. Annual Review of Ecology and
Systematics 15:523-75 https://doi.org/10.1146/annurev.es.15.110184.002515

Solomon Marjorie, Smith Anne C, Frank Michael J, Ly Stanford, Carter Cameron S (2011) Probabilistic
Reinforcement Learning in Adults with Autism Spectrum Disorders. Autism Research: Official Journal
of the International Society for Autism Research 4:109-20 https://doi.org/10.1002/aur.177 | PubMed

Speekenbrink Maarten, Konstantinidis Emmanouil (2015) Uncertainty and Exploration in a Restless
Bandit Problem. Topics in Cognitive Science 7:351-67 https://doi.org/10.1111/tops.12145 | PubMed

Sutton Richard S, Barto Andrew G (1998) Reinforcement Learning: An Introduction The MIT Press.
https://muse.jhu.edu/pub/6/oa_monograph/book/60836

Swanson Kyra, Averbeck Bruno B, Laubach Mark (2022) Noradrenergic Regulation of Two-Armed
Bandit Performance. Behavioral Neuroscience 136:84-99 https://doi.org/10.1037/bne0000495 |
PubMed

The International Brain Laboratory, Aguillon-Rodriguez Valeria, Angelaki Dora, et al. (2021)
Standardized and Reproducible Measurement of Decision-Making in Mice. eLife 10:e63711
https://doi.org/10.7554/eLife.63711 | PubMed

Murrell et al., 2026 eLife 15:RP111657. https://doi.org/10.7554/eLife.111657.1 16 of 19


https://doi.org/10.7554/eLife.111657.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1038/s41598-026-37554-3
https://pubmed.ncbi.nlm.nih.gov/41620492
https://pubmed.ncbi.nlm.nih.gov/41620492
https://doi.org/10.1016/j.neubiorev.2022.104962
https://pubmed.ncbi.nlm.nih.gov/36402227
https://pubmed.ncbi.nlm.nih.gov/36402227
https://doi.org/10.1371/journal.pcbi.1011430
https://pubmed.ncbi.nlm.nih.gov/37708113
https://pubmed.ncbi.nlm.nih.gov/37708113
https://doi.org/10.5483/BMBRep.2018.51.4.034
https://pubmed.ncbi.nlm.nih.gov/29429452
https://pubmed.ncbi.nlm.nih.gov/29429452
https://doi.org/10.1016/j.jaac.2017.03.013
https://pubmed.ncbi.nlm.nih.gov/28545751
https://pubmed.ncbi.nlm.nih.gov/28545751
https://doi.org/10.1007/s11920-019-1015-2
https://doi.org/10.1007/s11920-019-1015-2
https://pubmed.ncbi.nlm.nih.gov/31016410
https://pubmed.ncbi.nlm.nih.gov/31016410
https://doi.org/10.1590/s1516-44462011000400014
https://pubmed.ncbi.nlm.nih.gov/22189930
https://pubmed.ncbi.nlm.nih.gov/22189930
https://doi.org/10.7554/eLife.66173
https://pubmed.ncbi.nlm.nih.gov/33779547
https://pubmed.ncbi.nlm.nih.gov/33779547
https://doi.org/10.1016/j.cpr.2017.10.012
https://pubmed.ncbi.nlm.nih.gov/29174306
https://pubmed.ncbi.nlm.nih.gov/29174306
https://doi.org/10.25080/majora-92bf1922-00a
https://doi.org/10.1101/2024.04.04.588157
https://doi.org/10.1523/ENEURO.0288-16.2017
https://pubmed.ncbi.nlm.nih.gov/28197550
https://pubmed.ncbi.nlm.nih.gov/28197550
https://doi.org/10.1146/annurev.es.15.110184.002515
https://doi.org/10.1002/aur.177
https://pubmed.ncbi.nlm.nih.gov/21425243
https://pubmed.ncbi.nlm.nih.gov/21425243
https://doi.org/10.1111/tops.12145
https://pubmed.ncbi.nlm.nih.gov/25899069
https://pubmed.ncbi.nlm.nih.gov/25899069
https://muse.jhu.edu/pub/6/oa_monograph/book/60836
https://doi.org/10.1037/bne0000495
https://pubmed.ncbi.nlm.nih.gov/34647770
https://pubmed.ncbi.nlm.nih.gov/34647770
https://doi.org/10.7554/eLife.63711
https://pubmed.ncbi.nlm.nih.gov/34011433
https://pubmed.ncbi.nlm.nih.gov/34011433
https://elifesciences.org/subjects/neuroscience

7 eLife

Neuroscience

Vallat Raphael (2018) Pingouin: Statistics in Python. Journal of Open Source Software 3:1026
https://doi.org/10.21105/joss.01026

Van Etten ML, Neumark YD, Anthony JC (1999) Male-Female Differences in the Earliest Stages of Drug
Involvement. Addiction (Abingdon, England) 94:1413-19 https://doi.org/10.1046/j.1360-
0443.1999.949141312.x | PubMed

Waskom Michael L (2021) Seaborn: Statistical Data Visualization. Journal of Open Source Software
6:3021 https://doi.org/10.21105/joss.03021

Werling Donna M, Geschwind Daniel H (2013) Sex Differences in Autism Spectrum Disorders. Current
Opinion in Neurology 26:146-53 https://doi.org/10.1097/WCO.0b013e32835ee548 | PubMed

Peer reviews
Reviewer #1 (Public review):
Summary:

This paper examines potential sex differences in the conflict between exploitation, pursuing
food and rewards in previously-associated locations/paradigms, or exploration of new
locations that might result in better outcomes. Dysregulation of this conflict may be an
underlying behavioral modality of psychiatric diseases. They used four distinct tasks: a two-
armed Bandit 100:0 task, a standard fixed ratio 1 task, a two-armed Bandit 80:20 task, and a
closed-loop economy PR1 task that allows for the assessment of motivational breakpoint.

Male mice show significantly higher accuracy under conditions of high probability known
rewards, sticking with an action that just resulted in a reward or "win-staying". This was
demonstrated in multiple paradigms, and there was a predictive nature of this behavior that
could predict animal sex with modest accuracy. Under probabilistic environments, males
were no longer more accurate than females but still used a higher win-stay strategy. A closed-
loop PR1 task showed that there were no inherent differences in motivational breakpoint
between sexes. Finally, the authors use simulations to determine an appropriate number of
animals needed to detect these differences.

Strengths:

The manuscript attempts to resolve inconclusive sex differences that have heretofore been
neglected or inconclusive due to insufficient power. The most impressive aspect of this paper
is its scale, assaying 62 female mice and 74 male mice in identical exploration-exploitation
tasks using high-throughput and noninvasive operant feeding via FED3. Very few labs can
achieve this scale, which is necessary to detect sex differences with a small effect size.

The authors use some sophisticated modeling approaches and analysis of data from the 136
mice to investigate the significance of these sex differences and interrogate other conditions.
They also use simulations to model the likelihood of replicating these differences given a
sample size. This is extremely helpful for other researchers as they consider sex as a
biological variable.

Weaknesses:

The study is largely descriptive in nature and does not pursue any mechanism of the
underlying differences, like hormones, neuromodulators, or circuits. The lack of estrous cycle
tracking is acknowledged as a limitation.
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Reviewer #2 (Public review):

Summary:

Murrell and colleagues examine sex differences in mouse decision-making tasks, using the
FED3 device, which allows for continuous data collection in the home-cage. Mice performed
four tasks across two weeks, which provided all of their food. Across tasks, male mice were
more likely to repeat a rewarded choice than females, which benefits decision accuracy in
deterministic tasks. This work complements existing results for decision-making differences
in males and females, affirming that this domain of cognition is particularly sensitive to sex
differences. However, there are some specific features of the FED3 device, such as single
housing, closed economy feeding, and 24-hour access that can uniquely influence decision-
making in a (likely) sex-dependent manner that encourage considering these data as
examining sex differences in a particular context, rather than as a generalized finding. At the
same time, these data could offer new insights about nuances of behavior like circadian
rhythms or bout analysis, uniquely enabled by the extended availability of the FED3 devices.
The analyses in this paper also make an important point, encouraging researchers to use
methods that allow for much larger N's to provide clearer and more robust results.

The FED3 devices are an innovative new way to approach behavior, and have allowed the
authors to test many dozens of mice in a battery of tasks, over which they see similar patterns
of increased win-stay behavior in male C57b6 mice (wildtypes from several knockout lines).
The authors point out that there are discrepancies in prior literature across tasks and species
in terms of how sex differences influence decision making, but there are some particular
ways that sex differences could interact with the FED3 devices that it would be interesting
and important to consider further. In particular, the fact that the animals live with the device,
singly housed, may be an underrecognized contributor to sex differences. Changes in social
interaction and dominance arising from long-term single housing are very likely to impact
males and females differently, for example.

Continuous data collection is a fascinating way to look at learning and decision-making, but it
also raises interesting questions about whether these dynamics are impacted as a function of
continuous access to the device. In addition to summary metrics over the whole task, it might
be valuable to look at learning across the task each day, and within circadian periods of each
day. For example, it seems based on the example sessions for the 100-0 bandit task that
animals take at least a few reversals to learn the task structure. How many trials does it take
for a male or female mouse to reach some criteria of success? Do the sex differences exist at
all time points? Does the light cycle affect the accuracy or trial counts? There are numerous
such analyses that could particularly inform future use of the FEDs across laboratories, and
identification of similar or distinct patterns of sex differences or behavior in other
apparatuses, and would be a benefit to the field.

The authors employed several computational techniques to identify parameters or features of
behavior that might explain the sex differences they observed, and this is a strength of the
manuscript. However, the win-stay lose-shift agent may not be an ideal match to make
conclusions about exploitation, as it is unclear how win-stay and lose-shift strategies map
onto explore/exploit tradeoffs. If an animal were exploiting an option, they may win-stay
*and™* lose-stay, if the task is probabilistic. Indeed, the model fit is weaker for the 80-20
bandit, suggesting this model may not reflect the actual strategies mice are engaging in,
potentially in both bandit tasks. This point is particularly worth considering in light of the
criteria for shifts in the tasks being based not on the number of trials completed, but on the
number of pellets earned. When shifts are tied to reward collection rather than trials, it can
amplify differences in behavior driven by reward consumption.
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Summary:

The manuscript by Murrell et al. describes a high-throughput approach for evaluating food
foraging strategies in mice. Building on their prior publication describing the technical
aspects of the Feeding Experimentation Device 3 (FED3), this study demonstrates the utility of
the FED3 in evaluating decision-making in mice. The authors identify key differences in male
and female foraging strategies that could not be accounted for by total food consumption or
overall food motivation. Given the rapid adoption of the open source FED3 platform, this
work is likely to be of broad interest and utility in the field.

Strengths:

(1) The use of cost-effective, open-source devices like FED3 provides substantial value to the
scientific community. Validation of appropriate conditions for using this equipment is an
important step toward broad adoption.

(2) The authors implement a simple but elegant experimental design for studying food-
motivated decision-making behavior. This approach could be applied to a wide range of
preclinical disease models in future studies.

(3) The study is well-powered to evaluate sex as the primary experimental factor (62 females,
74 males), allowing the authors to make convincing claims about differences in strategy.
Additionally, the dataset provides a useful benchmark for power analyses in future studies
involving more complex experimental designs.

(4) The figures are clear and generally easy to interpret the primary findings.
(5) The conclusions are appropriate and not overstated
Weaknesses:

(1) A major strength of this study is the potential utility for new investigators trying to
implement cognitive behavioral tasks in mice. However, the present version provides limited
background on the rationale for selecting the bandit task and on prior work applying it in
similar contexts. Including additional background and discussion would better contextualize
the approach for other groups considering adopting it in their own studies.

(2) Some methodological details surrounding the initiation of the experiment could be
clarified. Specifically, it is unclear if mice transitioned directly from standard housing
conditions (group housed, standard chow) to the study conditions (single housed, FED3-based
probabilistic learning), or intermediate acclimation/training steps were used, such as
autoshaping, free access to new food pellets, or FR1 training. A more detailed experimental
timeline (for example, see Figure 1 from PMID 39710132) would address this concern.

(3) The authors evaluated multiple probabilistic conditions (100%, 90%, 80%, 70%, 60%), but
ultimately focused on the 80% condition for this study. A more detailed explanation for how
this conclusion was reached would be useful for future researchers working under different
experimental conditions (i.e., age, strain, genotype, disease model) where other probabilistic
conditions may be more appropriate.
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