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Abstract

Time-of-day severely impacts human decision-making, with real-world conse-
quences. Studying shifts in decision-making strategy requires controlled, long
timescale behavioral measurement and analyses that can extract insight from
time-varying behavior. We introduce two complementary advances to address
this gap: an autonomous 24-hour training facility for continuous behavioral mea-
surement during decision-making and an interpretable modeling framework that
captures non-stationary decision dynamics from reaction times and choices. Rats
were trained on a visual evidence accumulation task across months, generating
over a half million trials spanning the circadian period. Our model revealed latent



behavioral states characterized by distinct evidence accumulation parameters,
including differences in drift rate, bias, and decision-commitment time. These
states recur across days and align with feeding schedules and the light—dark cycle,
producing periodic fluctuations in performance over 24 hours. Together, these
results demonstrate how continuous behavioral sampling combined with genera-
tive modeling uncovers long-timescale structure in decision-making obscured by
stationary analyses.

Keywords: Decision-making, drift diffusion model, hidden Markov model, state-space
modeling, non-stationarity, circadian rhythms, rodent behavior

1 Introduction

Human and animal decisions vary systematically with behavioral context. Over the
course of a day, internal states such as arousal, motivation, and fatigue fluctuate along-
side changing environmental demands, producing time-dependent shifts in decision
strategy. These fluctuations are not merely incidental: in real-world settings where
decisions must be made continuously, state-dependent variation can have substantial
behavioral consequences. For example, sleep-burdened doctors commit more medical
errors and drowsy driving leads to more accidents.[1-3]

Studying how decisions vary across time requires controlled experiments spanning
extended time-scales and analysis approaches that can identify temporal changes in
decision strategy. Standard approaches cannot meet these demands. Many studies
of decision-making in rodents are conducted within short, fixed daily sessions, typi-
cally lasting one to two hours.[4-8] While efficient, this approach measures behavior
from a restricted temporal window that obscures slower fluctuations in behavior.[9]
This constraint has important consequences, as circadian and sleep—wake homeostatic
processes modulate vigilance, attention, arousal, learning, and performance.[10-16]
Consequently, apparent differences in decision-making across animals, tasks, or species
may reflect the environmental conditions under which behavior is measured—such as
time of day or motivational state—rather than intrinsic differences in cognitive or
perceptual processing. To mitigate these concerns, some laboratories employ reversed
light—dark cycles so that behavioral testing coincides with the animals’ subjective
night, when rodents are typically most active.[10, 17, 18] However, this approach
introduces complications, including prolonged entrainment periods and potential
disruptions to naturalistic behavioral rhythms.[10]

To address these limitations, we developed an autonomous, 24-hour living-and-
training system that allows rats to perform a perceptual decision-making task
continuously. This approach enables behavioral measurements spanning the full cir-
cadian cycle under stable experimental conditions. Using this system, we collected a
large dataset of self-paced choices and reaction times from rats performing a visual
perceptual integration task across complete 24-hour cycles.

The scale and continuity of these data revealed substantial variability in behavior
over time, motivating the need for analytical tools that can provide insight into the



underlying causes of this variation. Classical evidence accumulation models, such as the
drift diffusion model, provide frameworks for interpreting choices and reaction times
but assume that behavior is generated by a time-invariant process.[19, 20] Recently-
developed state-based models capture slowly-evolving changes in behavior over longer
timescales but often ignore reaction time information that yields critical insight into
the mechanistic underpinnings of the decision process.[21-24] To bridge this gap, we
developed a statistical framework that combines the advantages of state-dependent
models and the drift diffusion model, allowing for latent changes in decision state while
retaining mechanistic interpretability. This approach provides a principled framework
for examining how perceptual decision-making strategies vary over long timescales and
across internal and external states.

We applied our framework to our unique dataset and conventional free-response
datasets and found behavioral performance and its computational interpretation are
strongly shaped by an animal’s circadian and motivational state, providing critical
insight into decision-making behavior during a naturalistic setting.

2 Results

2.1 Implementation of a live-in operant system for cognitive
assessment

To enable continuous assessment of behavior across the circadian cycle, we devel-
oped RatAcad, a live-in operant training facility that allowed rats to engage freely
with a cognitive task over a full 24-hour period under constant task parameters (fixed
light—dark cycle and feeding schedule) with uninterrupted sucrose-based fluid reward
(Figure 1A). This system was inspired from previous large-scale behavioral appa-
ratuses, but notably diverges in its ability to jointly house and train animals.[25]
Behavioral data were acquired continuously and synchronized daily, while human
interaction was limited to essential husbandry to minimize experimenter-induced
effects.

To understand how animal decision-making performance varies across the 24-
hour day, we trained rats on a visual-based perceptual integration task.[26] In this
free-response paradigm, animals performed a two-alternative forced-choice task in a
three-port operant chamber. Each trial began with an initiating center poke, after
which animals were free to choose the left or right port at any time during a cue
period. During this period, the two side lights flickered stochastically with unequal
probabilities (75% vs. 25%), and rats were rewarded for choosing the side associated
with the higher probability of flashes (Figure 1B—C).

Before inclusion in the present analyses, animals were trained using a struc-
tured six-stage behavioral protocol to ensure stable task engagement and performance
(Supplementary Figure S1A). Using this protocol, we trained 18 rats (12 male, 6
female) yielding 562,645 behavioral trials (Supplementary Figure S1B). This data
was collected over long time periods, spanning weeks to months, which would have
been comparatively difficult to collect using standard training paradigms. We collected
thousands of trials at all hours of the day (Figure 1D); animal performance remained
stable across days (Figure 1E). Together, these improvements allow for more rapid



data collection, reduced need for human interaction, and the observation of changes
across longer timescales e.g., days and months. Perhaps more importantly, it allowed
us to examine how decision-making changed across these varying timescales.

2.2 The 24-hour cycle robustly modulates accuracy, reaction
time, and engagement

We observed task-related behavioral fluctuations across the 24-hour period
(Figure 2A—C). To quantify time-of-day effects, we fit generalized additive mixed
models (GAMMs) using time of day as a covariate for each behavioral variable (accu-
racy, RT, and trial rate). The fixed effects of these models (representing population-
level trends) revealed systematic modulation by diurnal phase (Figure 2D-F).
Accuracy varied significantly across the 24-hour cycle (edf = 16.7, x? = 859.21,
p < 10716). Reaction times showed a complementary pattern (edf = 13.2, F = 41.55,
p < 10716), with fastest responses during feeding and slowest during the dark phase.
Trial rates also exhibited strong temporal modulation (edf = 13.0, FF = 45.20,
p < 10716), with animals performing fewer trials during feeding and showing maximal
engagement in the dark period. These results demonstrate that behavioral perfor-
mance, response speed, and task engagement are all tightly coupled to the local
environmental conditions.

Inspection of subject-specific GAMM fits revealed inter-animal variability in the
magnitude and temporal dynamics of the effect across all three metrics despite a
consistent qualitative structure (Supplementary Figures S2—S4). Most animals
exhibited a transient modulation around the feeding window, followed by a gradual
recovery or overshoot, but the depth of the trough, latency to peak, and post-feeding
trajectory varied between individuals. Notably, some animals showed sustained post-
feeding changes whereas others returned rapidly to baseline, indicating heterogeneity
in both sensitivity and recovery dynamics. These individual differences were evident
even when overall exposure and trial counts were comparable, suggesting that the
population-level effects are not driven by a small subset of animals but instead reflect
a common pattern expressed with animal-specific timing and amplitude.

2.3 The DDM-HMM: a novel state-space model for
serially-dependent evidence accumulation

The 24-hour modulation of accuracy, reaction time, and trial rate violates a core
assumption of many standard sequential sampling models: that all trials are gen-
erated from a single, time-invariant process. To address this we developed a novel
state-space model, the Drift Diffusion Model-Hidden Markov Model (DDM-HMM),
to capture structured, trial-to-trial variability in decision-making while retaining the
interpretability of classical evidence accumulation models. The DDM-HMM links reac-
tion time distributions and choice outcomes to latent cognitive parameters, including
drift rate, decision boundary, and starting point, while loosening the assumption of
time invariance imposed by traditional models like the DDM.[19, 20, 27] The DDM-
HMM assumes reaction times and choices are serially correlated and generated by
stochastic transitions among a discrete set of K latent DDMs. On each trial, a reaction



time—choice pair is distributed according to a state-dependent Wiener First Passage
Time (WFPT) distribution,

(rt, choice); ~ WFPT(6,,)

where each latent state z; indexes a distinct set of DDM parameters 6. For each
latent state k, the parameter vector is 8y = {By, vy, a0k, 7x } where B is the bound
height that determines when a decision is committed to, v the drift rate that defines
the strength of accumulated evidence, ag the starting-point bias that describes choice
bias that is stimulus-independent, and 7 the non-decision time, which defines the time
between decision commitment and decision report. Recent studies determined that
decisions by mice performing a similar decision-making task reflected abrupt temporal
transitions between a small number of discrete decision-making strategies.[24] Follow-
ing this insight, we model the temporal evolution of the latent state according to a
first-order Markov process:

zt | zt—1 ~ Categorical(A,,_,)

The model segments behavior into discrete, temporally-dependent decision states,
each corresponding to a distinct DDM. (See Methods for details).

A key innovation of our approach is the use of reaction time information in a
state-dependent decision-making model. Choice-only state-switching approaches, such
as the generalized linear model hidden Markov model (GLM-HMM) described above,
partially address non-stationarity by segmenting behavior into discrete epochs, but
they do not incorporate reaction time information during inference when reaction times
are germane to the task.[23, 24] By leveraging the full first-passage-time distribution,
the DDM-HMM disambiguates changes in evidence quality, response caution, and bias,
enabling mechanistic interpretation of latent decision states. We demonstrate below
how the DDM-HMM can identify these parameters, offering a complementary tool for
serially-dependent decision data for free-response tasks.

2.4 DDM-HMM accounts for speed and accuracy at the
individual and population levels

We fit the model to data from 18 animals using an adaptation of the Expectation—
Maximization algorithm. To determine how many latent states best captured our data,
we computed the difference in model likelihood compared to a classical DDM (a one-
state model) on held-out data via five-fold cross validation. Test log-likelihood per
trial (ALL/trial) averaged across five splits of the data increased monotonically with
additional latent states for every animal and plateaued at K = 34 (Figure 3A).
Because there was no sharp optimum and gains beyond four states were modest, we
selected a four-state model for all subsequent analyses to balance predictive perfor-
mance and interpretability.[28] Importantly, improvements relative to simpler models
were consistent across animals, indicating that multiple latent states are required to
capture structured behavioral variability.

Post-hoc analysis of the fit model revealed the DDM-HMM accurately cap-
tured individual animal reaction time distributions (Figure 3B; Supplementary



Figure S5) and animal choices. We found a high degree of model agreement
between both the quantiles of the aggregated animal RT data and simulated RT data
(Figure 3C), and the predicted accuracy and the observed accuracy of the animals
(Figure 3D). These results confirm the DDM-HMM simultaneously accounts for both
speed and accuracy at the individual and population levels.

2.5 DDM-HMM reveals discrete, serially-dependent,
circadian-modulated decision states

To illustrate the structure of latent decision dynamics identified by the DDM-HMM for
single animals, we examined a representative rat (Figure 4A). The model identified
four latent states with distinct parameter combinations (Figure 4B) that systemati-
cally related to animal reaction time (Figure 4C) and accuracy (Figure 4D). One
state exhibited high drift rate and an elevated decision boundary and was associated
with the highest task performance and longest median reaction time. Although states
do not have inherent semantic labels, we referred to this state as a “patient” state given
its DDM parameters and resulting behavior. Two states, which we labeled as “impul-
sive states”, showed intermediate drift rates and lower boundaries, and decreased
accuracy and median reaction time. A rare “noise state” (<1% of trials) displayed
low drift, high bias, and minimal non-decision time, and lowest overall accuracy and
fastest reaction times. The correspondence between DDM-HMM state-wise parame-
ters and accuracy and reaction times demonstrate the utility of the DDM-HMM for
partitioning time-varying decision making behavior into unique behavioral strategies.

To provide additional support for the model goodness of fit, we examined how
simulated reaction times from each model state corresponded with the empirical reac-
tion time distributions (Figure 4C). The model provided an accurate generative
account of the data; simulated marginal reaction time distributions closely matched
the empirical distributions for correct and incorrect trials across states (Figure 4C),
reproducing the skewed shape and tail structure of the observed data.

An important feature of our model is the ability to identify temporal dependence
in decision-making behavior across trials. To examine the persistence of DDM states
across trials, we computed the posterior state probabilities, which specify the likelihood
of the data on each state being generated from each state (Figure 4E). Values were
typically near 0 or 1, indicating strong confidence of a unique state being expressed on
each trial. Furthermore, values exhibited extended dwell times indicating that states
persist across many successive trials.

This persistence implies that reaction times exhibit serial dependence across trials,
a feature of the data that the HMM-DDM can capture and classical decision-making
models cannot. Consistent with this prediction, the empirical autocorrelation function
(ACF) revealed significant long-timescale structure in RTs (Figure 4F). Impor-
tantly, the empirical ACF fell within the credibility interval of the model for the
first 18 lags, indicating that the DDM-HMM accurately captures these slow temporal
dependencies.

Beyond serial dependence in decisions, our GAMMs (Figure 2D—F) imply that
states are more common at specific times of the day. We found DDM-HMM state
occupancy was strongly modulated across the 24-hour cycle (Figure 4G): the patient



state predominated during the lights-off period, whereas impulsive state 1 dominated
during the light phase, with impulsive state 2 and the noise state emerging around
feeding time.

Similar results were obtained after fitting to an expert rat with exceptional per-
formance, indicating that the inferred decision states generalize to highly proficient
behavior (Supplementary Figure S6).

2.6 Circadian modulation of decision states generalizes across
animals

We next evaluated how the DDM-HMM decision making states fluctuated across the
24-hour cycle in the entire population of rats. To compare across animals, we rank-
ordered each animal’s latent states by accuracy, from lowest (State 1) to highest (State
4), and computed state occupancy as a function of time of day after rank-ordering
states by accuracy within each animal. In hour-long bins, we calculated the posterior
probability of occupying each state and averaged these values across animals. We
identified a pronounced temporal structure in state occupancy (Figure 5A): Low-
accuracy states (States 1 and 2) were most prevalent during feeding periods and early
light-phase hours, whereas high-accuracy states (States 3 and 4) dominated during
the dark cycle.

To quantify these effects, we computed enrichment scores for each state during
the dark cycle and feeding epochs, defined as the ratio between the probability of
occupying a given state during a specific epoch and its overall probability across the
session. Low-accuracy states were significantly under-enriched during the dark phase
and over-enriched during feeding (Figure 5A—C). In contrast, the highest-accuracy
state was strongly overrepresented during the dark cycle and suppressed during feed-
ing, while the second-highest accuracy state was expressed at near-chance levels across
both epochs. These results indicate that transitions between latent decision states are
tightly coupled to the local environment and intrinsic behavioral states.

2.7 Distinct combinations of DDM parameters define discrete
behavioral states

Having established that accuracy-defined decision states fluctuate across the 24-hour
period, we sought to understand how changes in DDM parameters drove these changes
in behavior. We found that individual animal state-dependent DDM parameters
demonstrated a systematic relationship with state-specific reaction time and accuracy
(Figure 4). By regressing individual animal state-wise DDM parameters against state-
wise accuracy (see Methods), we found drift rate and boundary separation were the
dominant predictors of model accuracy (Supplementary Figure S7A). In contrast
state-wise mean reaction time was largely driven by boundary height and non-decision
time (Supplementary Figure S7C).

To identify model components that best differentiate states, we examined state-
specific DDM parameters across animals using a repeated-measures design. For each
parameter, we performed a one-way repeated-measures ANOVA with state as the



within-subject factor. State-dependent drift rate and non-decision time differed sig-
nificantly (F(3,51) = 35.73, p = 1.39 x 1072, 2 = 0.67 and F(3,51) = 11.14,
p=9.80x 1076, 1712) = 0.38 respectively), while we detected no changes in bias magni-
tude or boundary separation (F'(3,51) = 0.77, p = 0.52, 77% = 0.04 and F'(3,51) = 0.35,
p=0.78, 77% = 0.021, respectively). To characterize specific state differences underly-
ing these effects, we conducted post hoc paired ¢-tests with Holm correction between
all state pairs. Post-hoc comparisons revealed significant drift-rate differences between
all tested state pairs: states 3 and 1 (t = —8.43, pHoim = 9.91 x 1077), states 1 and 4
(t = 8.36, PHolm = 9.91 x 1077), states 2 and 3 (t = 5.01, pHolm = 4.28 x 107%), states
2 and 4 (t = 4.55, proim = 8.51 x 107%), states 2 and 1 (¢t = —3.91, pHolm = 0.00224),
and states 3 and 4 (¢t = 2.45, puoim = 0.0255; Figure 5F—G), indicating strong and
systematic modulation of evidence accumulation across states. Non-decision time dif-
fered significantly across four of the six tested state contrasts: states 1 vs. 4 (¢ = 5.02,
PHolm = 6.31 x 107%), 3 vs. 1 (t = —4.00, prolm = 0.00459), 2 vs. 3 (t = 3.64,
PHolm = 0.00602), and 2 vs. 4 (t = 3.66, paoim = 0.00602). Comparisons between states
2 vs. 1 and 3 vs. 4 were not significant after Holm correction (both pgem = 0.438;
Figure 5D-E).

Although we did not detect significant state-dependent differences in bias magni-
tude or boundary separation (Figure 5G—H), we asked whether these parameters
were necessary to support the full DDM-HMM. To test whether the model was over-
parameterized, we performed a BIC-based model comparison in which we refit the
DDM-HMM while constraining selected parameters to be shared across states. Specifi-
cally, we compared the full DDM-HMM against reduced models with global bias, global
non-decision time, global drift rate, global boundary separation, or both global bias
and global non-decision time. Each candidate model was fit 30 times from random ini-
tializations, and the best-fitting solution was retained for comparison. Across animals,
the full DDM-HMM provided the best model fit by BIC, indicating that allowing DDM
parameters to vary across latent states was supported despite the absence of significant
pairwise effects for some individual parameters (Supplementary Figure S8A-B).

These results demonstrate that fluctuations in decision-making emerge from dis-
tinct combinations of DDM parameters—most critically drift rate and non-decision
time—that define discrete behavioral states, providing a mechanistic link between
parameter-level dynamics and transitions among a set of decision-making regimes.

2.8 Ambient light affects drift rate, but not RT, boundary or
non-decision time

We sought to quantify the effect of changes in ambient illumination on model param-
eters as it varies with time of day in the live-in system. We trained six rats in the
same evidence accumulation task, in a two-hour daily training system. We measured
performance on five sessions each with the light on or light off, having the animals
perform the task at the same time of day, and fit a one state DDM to each set of ses-
sions. Low ambient light (‘high contrast’) drove a significant change in RT (¢ = 3.010,
p = 0.030), accuracy (¢t = 6.870, p < 0.001), and drift rate (¢ = 6.334, p = 0.0014)
(Supplementary Figure S9A—F) but had no effect on boundary separation, non-
decision time, or starting-point bias (Supplementary Figure S9F). Interestingly,



lights-off conditions in the two-hour system were associated with faster reaction times,
whereas the high-contrast dark phase in the live-in system was associated with slower
reaction times despite higher accuracy. Thus, stimulus contrast (a consequence of
different ambient light levels) contributes to the elevated drift rate observed during
dark-phase periods in the 24-hour dataset but cannot be reliably linked to changes in
other decision parameters or in RT.

2.9 The DDM-HMM addresses a central shortcoming of the
DDM

To determine whether the structure identified by the DDM-HMM could be explained
by established alternatives, we compared its performance to a multilevel drift diffusion
model (similar to the “extended DDM”)[29], which permits trial-to-trial variability in
DDM parameters but assumes conditional independence across trials.

The multilevel DDM converged reliably for all animals (Supplementary
Figure S10A) and successfully captured marginal distributions of trial-level param-
eters (Supplementary Figure S10B). To test the model’s appropriateness for
the data, we examined if the learned trial-level parameters obey the assumptions
of the model. When plotting the auto-correlation function of the learned parame-
ters, we found they exhibited substantial autocorrelation (Figure 6A), violating the
model’s assumption that trial-level fluctuations are i.i.d. Furthermore, simulations
from the multilevel DDM exhibited near-zero reaction time autocorrelation across lags
(Figure 6B), in contrast to the strong serial dependencies in reaction time reflected
in the data. These results demonstrate the inadequacy of standard approaches when
serial correlation is present in decision-making data, underscoring the shortcoming the
DDM-HMM was designed to overcome.

2.10 The DDM-HMM discovers similar latent dynamics to the
GLM-HMM

A second established alternative for analyzing state-dependent decision making is the
GLM-HMM, which models state-dependent choices using a generalized linear model
(GLM) and state transitions with an HMM. We fit GLM-HMMSs to our data using
established approaches.[23, 24] To assess whether both models identified similar latent
decision states, we quantified how well aligned the posterior distributions of each model
for each animal were using the normalized mutual information (NMI). For all animals,
NMI significantly exceeded chance (Benjamini-Hochberg; FDR = 0.05; Supplemen-
tary Figure S11A-B) indicating the HMM-DDM identifies states similar to those
identified by the GLM-HMM. Further, model-based choice predictions were compara-
ble between models indicating that the models had equal potential for modeling choice
data (Supplementary Figure S11C-D).

We examined fits in two representative animals (K = 3 states). In both cases, the
GLM-HMM identified three regimes primarily differentiated by the stimulus gain, con-
sistent with differences in task engagement (Supplementary Figures S12A, S13A).
Asin the DDM-HMM, these regimes exhibited differences in accuracy and a clear gain—
accuracy relationship (Supplementary Figures S12B—C, S13B-C). Both models



also produced similar 24-hour state occupancy patterns, supporting the conclusion
that animals transition between task-linked behavioral modes (Figure 4G; Supple-
mentary Figures S12—S13E). The primary qualitative difference concerned state
segmentation: although both models were typically confident in state assignment, the
GLM-HMM exhibited longer dwell times (Supplementary Figures S12D, S13D),
likely reflecting the DDM-HMM’s use of both choice and reaction time to detect
transitions, increasing sensitivity to state switching.

2.11 The DDM-HMM captures behavioral fluctuations in
session-based training

Although the DDM-HMM was motivated by the unique 24-hour continuous dataset
we collected, we next asked whether the model generalizes to traditional session-based
training.[30] To this end, we fit the model to data from six rats performing the same
task during fixed daily two-hour training epochs (Figure 7).

Within individual two-hour sessions, the DDM-HMM closely reproduced empirical
reaction time distributions (Figure 7A—B). For a representative rat we found that
simulated reaction times from the fitted DDM-HMM matched the full reaction time
density (Figure 7A), as well as the conditional distributions for correct and incorrect
trials (Figure 7B), indicating that the inferred state-dependent DDMs captured both
accuracy-dependent and error-related RT structure.

The model inferred dynamic switching among latent decision states within the
session (Figure 7C), with posterior state probabilities exhibiting structured transi-
tions across trials. Importantly, when aggregating across animals, simulations from the
DDM-HMM reproduced the empirical reaction time autocorrelation function within
two-hour blocks (Figure 7D), capturing the magnitude and decay profile of serial
dependence.

These results demonstrate that the DDM-HMM does not merely explain slow,
circadian-scale modulation, but also captures structured trial-to-trial dynamics on
shorter timescales. Together with the cross-model comparisons, this establishes that
incorporating both reaction times and explicit state transitions is necessary to explain
the temporal organization of decision-making behavior across timescales.

3 Discussion

We examined how perceptual decision-making varies across the 24-hour cycle by com-
bining continuous, autonomous behavioral measurement with a generative modeling
framework designed to capture long-timescale fluctuations in behavior. By allowing
rats to perform trials continuously over 24-hour periods, for weeks to months, we
observed pronounced and reliable fluctuations in accuracy, reaction time, and task
engagement aligned with both the light—dark cycle and feeding schedule. These effects
were robust at the population level yet expressed with substantial inter-animal vari-
ability, underscoring a central point: decision-making policies are not static traits
measured in isolated sessions, but dynamically regulated processes that evolve across
biologically meaningful timescales.
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A central contribution of this work is to formalize this non-stationarity as
structured switching between discrete decision-making strategies. Existing model-
ing approaches capture only part of this structure. Classical drift diffusion models
provide mechanistic interpretability but assume that all trials arise from a single,
time-invariant process. Multilevel extensions relax parameter constancy but retain
conditional independence across trials, rendering them incapable of generating the sus-
tained reaction-time autocorrelations observed here. State-switching models such as
the GLM-HMM can identify discrete behavioral modes but operate on choices alone,
leaving the cognitive parameters underlying reaction-time distributions unmodeled.

The DDM-HMM integrates these two traditions. By embedding state transi-
tions within a mechanistic evidence-accumulation model, it captures both the full
reaction-time distribution and the persistent serial dependencies that characterize
long-duration behavior. Critically, the model does not merely fit marginal statistics:
it reproduces the empirical autocorrelation structure of reaction times across multiple
lags, a feature that alternative DDM-based approaches fail to explain. This capac-
ity to jointly account for distributional form and temporal dependence is essential,
because reaction times disambiguate changes in sensory gain, response caution, and
bias—distinctions that are behaviorally indistinguishable at the level of choices alone.
Incorporating reaction-time dynamics is not a modeling luxury but a necessity for
mechanistic inference in non-stationary decision-making.

The mechanisms underlying these state transitions remain to be determined. One
possibility is sensory adaptation: as nocturnal animals with rod-dominated retinas,
rats may experience reduced effective contrast under increased ambient illumination,
leading to diminished sensory gain.[31-34] Alternatively, light-dependent modulation
of arousal and neuromodulatory tone could alter both evidence accumulation and
non-decisional processes.[10, 12, 17, 35] A recent mouse study reported higher cFos
activity in reward-related regions during the subjective night.[36] Increased activity in
reward circuits may reflect enhanced motivation, consistent with the higher trial rate
we observed during the subjective night. Disentangling these mechanisms will require
targeted manipulations of sensory, arousal, and motivational variables.

Finally, motivational dynamics associated with scheduled feeding likely contribute
to state transitions. Feeding anticipatory activity (FAA) has been widely docu-
mented in food-restricted animals and can occur independently of canonical circadian
oscillators.[37] In our data, feeding epochs were associated with increased trial initi-
ation in some animals but generally reduced accuracy and shortened reaction times,
suggesting a shift toward less deliberative responding. These effects are compatible
with motivationally driven adjustments in urgency or engagement. These findings
extend prior work linking circadian and feeding dynamics to behavioral performance
by demonstrating that such factors reshape the computational structure of percep-
tual decision-making. Rather than reflecting stable traits, decision policies fluctuate
across biologically relevant timescales. Accordingly, experimental designs and mod-
eling approaches that assume stationarity risk conflating intrinsic computational
differences with contextual modulation. Careful consideration of animals’ circadian
biology and motivational state is therefore essential for accurate interpretation of
decision-making behavior.
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3.1 Limitations of the study

Despite its strengths, several limitations warrant consideration. First, although the
DDM-HMM identifies persistent latent decision states, it does not specify the neu-
ral or physiological mechanisms governing transitions between them. Linking these
computational regimes to biological substrates will require future studies combining
continuous behavioral monitoring with neural recordings or targeted perturbations.
The standard probabilistic structure of the model can easily accommodate available
neural measurements to better identify latent cognitive states, making it a powerful
general purpose tool for future studies.

Second, we interpreted drift-rate changes as reflecting variation in effective evidence
quality, but this parameter aggregates multiple processes, including sensory encoding,
attention, and internal noise. Our controlled illumination experiment demonstrated
that ambient light selectively modulates drift rate, implicating stimulus contrast as one
contributor, though the opposing reaction time effects between the two-hour and live-
in systems (see Results) suggest that additional factors beyond illumination—such as
arousal or circadian phase—also shape decision dynamics. Disentangling these compo-
nents will require task designs that independently manipulate stimulus strength and
motivational or attentional demands, as well as modeling approaches that explicitly
separate sensory and cognitive contributions.

Third, aspects of the task design introduce potential confounds. Feeding required
manual intervention, increasing experimenter presence during the light phase.
Although animals were highly trained and habituated, we cannot exclude the
possibility that human interaction contributed to some observed effects. Future imple-
mentations incorporating automated feeding could further reduce this source of
variability.

Finally, limitations inherent to the drift diffusion framework remain. Parameters
such as non-decision time are weakly identifiable and constrained primarily by the
leading edge of the reaction-time distribution, and interpretation of changes in this
parameter is inherently ambiguous.[38] Trade-offs between parameters (e.g., drift rate
and boundary separation) can also complicate inference, although the large datasets
collected here mitigate these concerns.|[38]

4 Methods

4.1 Experimental Methods
4.1.1 Animal Subjects

All experiments and procedures were performed in accordance with protocols approved
by the Boston University Institutional Animal Care and Use Committee (IACUC). A
total of 18 Long—Evans rats (12 male, 6 female), aged 3-12 months, were used in this
study. Rats were food restricted and maintained above 80% of their baseline body
weight throughout training and testing. Animals had ad libitum access to water and
were housed on a 12 h light/dark cycle, with lights on from 7:30 AM to 7:30 PM.
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4.1.2 Automated Operant Training System

Behavioral tasks were administered in custom-built acrylic operant chambers equipped
with three nose ports. Each port (Sanworks or custom-built) contained a white LED
for visual stimulus presentation, an infrared (IR) LED and photodetector pair for nose-
poke detection, and a peristaltic pump for liquid reward delivery. Behavioral control
software was written in MATLAB and executed on a Teensy-based microcontroller
system (Bpod; Sanworks), which implemented trial-by-trial task logic using a finite
state machine architecture.

To enable high-throughput behavioral experiments, we developed BpodAcademy, a
Python-based graphical user interface for centralized and simultaneous control of mul-
tiple Bpod rigs (https://github.com/RatAcad/BpodAcademy), built on a modified
Bpod library (https://github.com/RatAcad/Bpod_-Gen2). BpodAcademy communi-
cates with MATLAB to execute state machine—based task protocols that define trial
structure, training contingencies, and stimulus—response logic for each behavioral ses-
sion. Animals interacted with the system via nose-poke inputs, while task events such
as LED cues and liquid reward delivery were controlled as outputs of the state machine.

At the conclusion of each session, Bpod generated a .mat file containing trial-by-
trial behavioral events and metadata, organized by animal and protocol name and
saved locally on the acquisition computer. Behavioral data were automatically trans-
ferred nightly to the Boston University Engineering network drive for centralized
storage and backup. Data were subsequently ingested into a DataJoint-based pipeline
for organization and preprocessing. Raw .mat files were parsed to compute summary
metrics and task-relevant features, which were flattened into relational tables defined
by a shared schema (e.g., animal, protocol, session). The schema is maintained on the
lab’s GitHub repository (https://github.com/RatAcad/dj_ratacad) and can be visual-
ized using the DataJoint library. All processed tables were stored in a MySQL database
hosted on an AWS server managed by Boston University IT. Researchers accessed the
dataset directly from the AWS server for downstream analyses using the lab’s Python
interface (dj_ratacad) or standard SQL queries.

4.1.3 Live-In Training Facility

To enable continuous assessment of behavior across the circadian cycle, we developed
RatAcad (Rat Academy), a live-in operant training facility in which rats were housed
directly within integrated operant chambers and could engage with the task freely over
a full 24-hour period (Figure 1A). Custom plexiglass enclosures incorporated the
behavioral apparatus while permitting visual and olfactory contact with conspecifics.
Animals had continuous access to water and received daily pellet delivery, allowing
task engagement at any time of day without water restriction, which is healthier for
the animals.[39]

Task parameters remained constant throughout experiments: the light-dark cycle
(7:30 am lights on; 7:30 pm lights off, EST) and feeding schedule (2:00-4:00 pm daily)
were fixed, and animals could initiate trials ad libitum across the circadian cycle.
Continuous behavioral monitoring was maintained via Bpod, with automated daily
synchronization of data to the central database. Human interaction was limited to

13


https://github.com/RatAcad/BpodAcademy
https://github.com/RatAcad/Bpod_Gen2
https://github.com/RatAcad/dj_ratacad

essential husbandry procedures, including daily feeding, weekly weighing, and biweekly
cage changes performed by Boston University animal care staff, minimizing potential
experimenter-induced influences on behavior.

4.1.4 Visual Evidence Accumulation Task

Rats were housed and tested in a customized operant chamber. Each chamber con-
tained three nose ports, each equipped with a white LED. The task has been described
previously.[26]

In the final stage of training, visual flashes were presented according to a Bernoulli
process such that, on each time step, a flash occurred on the correct side with 75%
probability and on the incorrect side with 25% probability. The correct side (left or
right) was selected randomly on each trial (Supplementary Figure S1). Rats could
report their choice at any time during the trial by poking into either side port. Correct
responses were rewarded with 25 pl of 10% sucrose, followed by a 5 s inter-trial interval.
Incorrect responses triggered a 3 s timeout, resulting in a total 8 s inter-trial interval. If
a rat failed to respond within 8 s of trial initiation, the trial was scored as an omission.

4.1.5 Training Pipeline

Rats were single-housed in the operant chambers at the Boston University Animal Sci-
ence Center and progressed through staged training of a visual evidence accumulation
task. Training duration ranged from 1-4 weeks depending on individual performance.
Reward volume remained constant throughout training (0.025 mL of 10% sucrose).

Animals completed three core training stages before reaching the final task config-
uration. In Stage 1 (1-3 days), rats were rewarded for nose-poking into an illuminated
side port. In Stage 2 (1-21 days), rats were required to nose-poke into an illuminated
center port followed by an illuminated side port to receive reward. In Stage 3, rats nose-
poked into the illuminated center port followed by a flashing side port. Once animals
achieved >90% accuracy in selecting the flashing port, the relative flash probabilities
were progressively adjusted across stages (100:0 — 90:10 — 80:20). After meeting cri-
terion at each condition (typically 1-2 days per condition), rats advanced to the final
task configuration with a 75:25 flash probability ratio.

4.1.6 Circadian Housing and Husbandry Conditions

Upon reaching final task form, rats remained housed within the live-in operant cham-
bers for continuous behavioral monitoring. Animals were food-restricted and weighed
weekly to maintain body weight above 80% of baseline. During the daily feeding win-
dow (2:00-4:00 pm), each rat received three pellets (15 g total chow). Water was
available ad libitum. Cage changes were performed biweekly by Boston University
animal husbandry staff.

4.1.7 Session-Based Daily Training

12 Long-Evans rats were used for the daily training experiments. These animals
were housed in a separate room, apart from the live-in training facility. They were
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transported to the training room for scheduled sessions lasting 2 hours per day, Mon-
day through Friday. Animals were food restricted and were given 15 grams of chow
daily after training. Six of the twelve animals participated in the high-contrast and
low-contrast control experiments. Each animal completed five high-contrast sessions
and five low-contrast sessions, with conditions interleaved across days. During high-
contrast sessions, the room was completely dark. During low-contrast sessions, the
room lights remained on.

4.2 Quantification and Statistical Analysis
4.2.1 Generalized Additive Models

Generalized additive models (GAMs) extend generalized linear models by replacing
fixed linear coeflicients with flexible smooth functions of the predictors, letting the data
shape each effect rather than imposing a specific parametric form (e.g., sinusoidal).
Each smooth is built from a weighted sum of basis functions—here, cyclic cubic regres-
sion splines, which enforce wrap-around continuity over the 24-hour cycle—and the
wiggliness of the resulting curve is regularized by a smoothing penalty selected from the
data via restricted maximum likelihood (REML). Generalized additive mized models
(GAMMs) further include random effects, which we used to estimate animal-specific
intercepts and animal-specific deviations from the population smooth. Conceptually,
this allows us to recover a population-average circadian profile while preserving indi-
vidual variability, without committing in advance to the shape of the underlying
time-of-day modulation.

To characterize within-day changes in behavior while allowing for between-animal
variability, we fit generalized additive mixed models (GAMMs) using the mgev package
(v1.9-4)[40] in R[41] (v4.5.2). Time of day was coded as hours since lights-on,

hour_cont € [0,24),

computed from the trial timestamp and wrapped modulo 24 to respect the circadian
cycle.

Population-level time-of-day effects were modeled using cyclic cubic regression
splines over hour_cont. Between-animal variability was captured via random inter-
cepts and factor—smooth interactions, allowing each animal to deviate smoothly from
the population-level circadian profile. Smooths were estimated using fast restricted
maximum likelihood (REML).

We used moderate basis dimensions for population-level smooths (typically k& =
16-20) and smaller basis dimensions for animal-specific deviation smooths (typically
k = 8), together with a mild over-penalization parameter (v = 1.3) to encourage
unnecessary smooth components to shrink toward zero and reduce overfitting. All
time-of-day smooths were constrained to be cyclic by specifying knots at 0 and 24
hours, ensuring continuity and smoothness at the lights-on/lights-off boundary.

Population-average (“marginal”’) curves were obtained by predicting the fitted
model for each animal across a dense grid of time-of-day values and averaging pre-
dictions across animals at each time point. Uncertainty bands were computed using a
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nonparametric bootstrap over animals. For each of 300 bootstrap replicates, animals
were resampled with replacement, population-average curves were recomputed, and
the 2.5th and 97.5th percentiles of the bootstrap distribution at each time point were
taken as an approximate 95% confidence interval.

4.2.2 Accuracy Model
Accuracy was modeled at the single-trial level as a Bernoulli outcome indicating
whether the response was correct,
correct;; € {0,1}.
For trial j from animal ¢ at time of day ¢;; (hours since lights-on), we assumed

correct;; ~ Bernoulli(p;;),

with a logit link and additive structure
logit(pis) = foop(tij) +bi + filti;)-

Here, fpop(t) is a cyclic smooth capturing the population-level modulation of accuracy
across the day, b; is an animal-specific random intercept, and f;(t) is an animal-
specific smooth deviation from the population curve implemented as a factor-smooth
interaction. This structure estimates a shared circadian accuracy profile while allowing
animals to differ in both overall performance and the shape of their daily modulation.
Population-average accuracy across the 24-hour cycle derived from this model is shown
in Figure 2D; per-animal fits are shown in Supplementary Figure S3.

4.2.3 Reaction Time Model

Reaction times were modeled on a continuous scale in seconds using a Gamma
distribution with a log link, enforcing positivity and accommodating right-skewed
distributions. For trial j from animal ¢ at time t;;, we assumed

rt;; ~ Gamma(-), log(E[rti;]) = gpop(tij) + ci + gi(tij),

where gpop(t) is a cyclic population-level smooth of time of day, ¢; is an animal-specific
random intercept, and g;(¢) is an animal-specific deviation smooth. This model yields
a population-level circadian reaction-time profile while allowing individual differences
in overall speed and time-of-day modulation. Population-average reaction times across
the 24-hour cycle derived from this model are shown in Figure 2E; per-animal fits
are shown in Supplementary Figure S2.

4.2.4 Trial Production (Trial Rate) Model

To model how trial production varied across the 24-hour cycle, behavior was aggre-
gated into regular time-of-day bins within each session. Trials were assigned to bins
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of width A¢ = 10 minutes (At = 1/6 hours). For each animal 4, time-of-day bin
b, and session s, we counted the number of trials Y;,s and defined the exposure as
exposure;;,, = At.

We then collapsed across sessions to obtain, for each animal ¢ and bin b,

Yio =Y Yibs,
S

the number of contributing sessions 7ngcss ip, and the total exposure exposure; =
Ngess,ib X At. Bins with zero exposure were excluded.

Aggregated counts were modeled using a negative binomial GAMM with a log link
and an offset for exposure:

Yip ~ NegBin(pip, 0), log(pin) = log(exposure;,) + hpop(ts) + u; + hi(ts),

where t;, is the center of bin b (hours since lights-on, wrapped to [0,24)), hpop(t) is a
cyclic population-level smooth capturing circadian modulation of trial rate, u; is an
animal-specific random intercept, and h;(t) is an animal-specific deviation smooth.
Population-average trial rates across the 24-hour cycle are shown in Figure 2F; per-
animal fits are shown in Supplementary Figure S4.

4.3 Drift Diffusion Models
4.3.1 Drift Diffusion Model Implementation

We implemented a standard two-boundary drift diffusion model (DDM) to generate
and evaluate trial-wise reaction times and choices. The latent decision variable a(t)
evolves according to the stochastic differential equation

da =vdt + o dWy,

where v is the drift rate, o is the diffusion scale, and W is a Wiener process. We fixed
o=1.

Decisions occur when the process reaches one of two absorbing boundaries at 0
(lower) and B (upper), with B > 0 denoting the boundary separation. The starting
point is a(0) = agB, where ag € [0, 1] parameterizes the initial bias as a fraction of
the boundary separation. Observed reaction time includes a non-decision component
7, such that the decision process begins after 7 seconds.

4.3.2 Stimulus Coding and Choice Convention

Each trial includes a binary stimulus label s € {—1, 41}, where —1 denotes leftward
evidence and +1 denotes rightward evidence. The drift parameter v is treated as a
magnitude, and the signed drift on each trial is via = $|v|. Choices are coded as
choice € {—1,+1}, where —1 indicates hitting the lower boundary (left) and +1
indicates hitting the upper boundary (right).
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4.3.3 Parameter Estimation

Model parameters were estimated via maximum likelihood. Specifically,

N

§ = argmin w; lo i | 0),
@ ; gp(yi | 0)

where y; = (rt;, choice;), 8 = (v, B,ag, 7), and w; are optional trial weights. Trial-
wise likelihoods were evaluated using a standard numerical solution to the DDM first-
passage-time density.[42]

4.3.4 DDM Fitting for the Contrast-Manipulation Dataset

For the contrast-manipulation dataset, DDMs were fit using the rddm R package
(https://github.com/gkane26 /rddm), which estimates DDM parameters via Quantile
Maximum Probability Estimation (QMPE).[43] Under QMPE, the empirical reaction-
time distribution for each response is summarized by a small set of quantiles, and
parameters are estimated by maximizing a multinomial likelihood over the proportion
of trials falling between successive quantile bins as predicted by the DDM first-passage-
time density. This quantile-based likelihood is robust to contaminant reaction times
and to deviations from the model in the extreme tails of the RT distribution. We fit
the standard two-boundary DDM with free parameters (v, B, ag, 7) separately for low-
and high-contrast sessions for each animal.

4.3.5 Multilevel Drift Diffusion Model

As an alternative to state-space models, we fit a multilevel drift diffusion model that
allows trial-to-trial variability in DDM parameters while assuming conditional inde-
pendence across trials given trial-specific parameters. This model treats each trial
as having its own latent DDM parameters drawn from a shared Gaussian hyperdis-
tribution, and performs approximate Bayesian inference using variational inference
(VD).

For each trial ¢, we introduce an unconstrained latent parameter vector u; =
(UB £y Ur ty Up g, Ugg t) € R%, which is mapped to constrained DDM parameters via:

Bt = exp(uB,t)7 Tt = exp(uT,t)7 U = eXp(“’U,t)) ao,t = U(uag,t))

where o(-) denotes the logistic sigmoid. Each trial is generated by a standard two-
boundary DDM emission likelihood p(y: | u:) evaluated using the first-passage-time
likelihood.[42]

Trial-level unconstrained parameters are drawn independently from a diagonal-
covariance Gaussian hyperdistribution,

plug | p,00) = N(,u,diag(o'g)) .

We approximated the posterior over each u; with a diagonal-covariance Gaussian
variational distribution, g, (u;) = N (p,, diag(o?)), and optimized the evidence lower
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bound (ELBO)

T
£=" (B logp(y: | u)] - KL{g:(w) | p(us | 1,00)).

t=1

The KL divergence between two diagonal Gaussians is available in closed form:

l\D\F—‘

4 2

Oraq T Utd—ﬂd)

L(g: |l p) = Z( - 2 1+210g00,d210g0t,d>.
d=1 0,d

The expected log-likelihood was estimated using the reparameterization trick.

We optimized the VI objective using a coordinate-ascent scheme alternat-
ing between trial-level variational updates and hyperparameter updates. Trial-level
updates used BFGS with backtracking line search (Optim.jl) with gradients via
forward-mode automatic differentiation. Hyperparameter updates were performed by
moment matching:

T
1
MdFTZMt,da UOd Z%d*‘ ,Utd_,ud))-
_1 :

ELBO trajectories and inferred trial-level hyperparameter posteriors are shown in
Supplementary Figure S10.

4.4 Hidden Markov Models

We modeled trial-by-trial behavior using hidden Markov models (HMMs), in which
observed data are generated by an unobserved discrete latent state that evolves accord-
ing to a first-order Markov process. Let z; € {1, ..., K} denote the latent state on trial
t. The latent state dynamics are defined by an initial distribution 7 and a transition
matrix A:
P(lek):’ﬂ'k, P(zt:j|zt,1:i):AZ—j.

Conditional on z;, observations y; are generated independently according to a state-
specific emission model p(y; | z: = k).

To regularize state occupancy and transitions, we placed Dirichlet priors on 7 and
each row of A, yielding MAP updates in the Baum—Welch algorithm. Parameters were
estimated via EM. In the E-step, posterior state marginals v, , = P(z; = k | y1.7) and
expected transition counts & ; ; = P(z—1 =14, 2 = j | y1.7) were computed using the
forward—backward algorithm. Emission parameters were updated using the posterior
state probabilities as trial weights.

19



4.4.1 Direct Likelihood Optimization via L-BFGS

For emission distributions where the M-step is not analytically tractable— including
the first-passage-time density of the DDM—we directly maximized the marginal log-
likelihood
L(0) =logp(yr.7 | 0),

which can be evaluated in O(K?T) time via the forward algorithm. Gradients with
respect to the full parameter vector were obtained by forward-mode automatic dif-
ferentiation through the forward recursion using ForwardDiff.jl[44], and optimization
was performed using the L-BFGS algorithm in Optim.jl[45].

4.5 Drift Diffusion Model-Hidden Markov Model
(DDM-HMM)

In the DDM-HMM, each latent state k is associated with a distinct DDM with state-
specific parameters 6y, = (vg, Bk, ao.k, T) and emission likelihood

p(yt | 2+ = k) = p(rts, choicey | O, St),

evaluated using the first-passage-time density of the Wiener process.[42]
Parameters were estimated using MAP Baum—Welch. In the M-step, state-specific
DDM parameters were updated by maximizing the responsibility-weighted DDM log-

likelihood:
T

1 hoi .
01 +— arg max ;%,k ogp(rty, choice; | 6, s¢)
Optimization used L-BFGS (Optim.jl[45] v1.13.2) with gradients via ForwardDiff.j1[44]
(v1.3.0).

4.5.1 Constrained-Parameter Model Comparison via BIC

To test whether each state-specific DDM parameter was necessary, we compared
the full DDM-HMM against reduced models in which selected parameters were con-
strained to be shared across latent states. We fit five reduced models (global drift rate,
boundary separation, starting-point bias, non-decision time, or jointly bias and non-
decision time), each run 30 times from random initializations with the best solution
retained. Models were compared by BIC,

BIC = —2logp(y1.7 | 0) + klog N,

where k is the number of free parameters and N is the total number of trials. Results
are shown in Supplementary Figure SSA-B.

4.6 GLM-HMM Models

In the GLM-HMM, trial-wise choices were modeled using a Bernoulli logistic regres-
sion observation model within each latent state. Conditional on z; = k, the choice
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probability was
Plys = 1]z =k) = o(Box + %/ By);

where o(-) is the logistic sigmoid, Sy is a state-specific intercept, and (3, are
state-specific regression coefficients. The covariate vector x; included (i) flash ratio
(Ngr — Np)/(Ng + Np); (ii) previous choice; and (iii) previous reward. Non-intercept
coefficients were regularized with an ¢y penalty. Parameters were estimated using
responsibility-weighted logistic regression. Inferred GLM-HMM states and circadian
occupancy are shown in Supplementary Figures S12—-S13.

4.7 Bayesian Regression Models

We modeled trial-wise accuracy proportions acc; € (0, 1) as a function of standardized
DDM-derived predictors using Beta regression with a logit link:

BNN(OaIP)7 (1)
¢ ~ Exponential(1), (2)
acc; ~ Beta(o(x; 8)¢, (1 —o(x; 3))¢). (3)

We modeled trial-wise reaction times (rt; > 0) using a Gamma generalized linear
model with a log link:

/BNN(OaIP)v (4)
a ~ LogNormal(0, 0.5), (5)
rt; ~ Gamma((x7 exp(;c?ﬁ)) . (6)

For all models, we used the No-U-Turn-Sampler (NUTS) drawing 5000 samples
from the posterior distribution. Results are shown in Supplementary Figure STA—
D.

Model-based simulation checks.

To evaluate model goodness-of-fit, we performed posterior predictive simulation using
point estimates of model parameters. For each fitted model, we obtained the MAP
estimate and generated synthetic datasets under the generative model. For the DDM-
HMM, latent state sequences were first simulated from the inferred transition matrix,
after which reaction times and choices were generated from the state-specific drift
diffusion process. Credibility intervals were obtained by computing percentile bounds
(2.5%97.5%) across simulations.

State enrichment analyses.

For each state s and condition ¢, enrichment was defined as

Enrichment, . =
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where P(c | s) is the empirical probability of condition ¢ among trials assigned to
state s, and P(c) is its marginal probability across all trials. Results are shown in
Figure 5B-C.

Posterior alignment between models.

To quantify similarity between latent states inferred by the GLM-HMM and the
DDM-HMM, we compared their trial-wise posterior state probabilities using a soft
co-occupancy matrix and computed chance-corrected alignment (lift):

Cij N

Lifti; = —2—,
iCj

where Cj; is the co-occupancy matrix, IV is total trial count, and 7, ¢; are row and
column marginals.

Normalized mutual information.

Alignment between trial-wise state assignments was quantified using normalized
mutual information (NMI):

21(S;G)

NMI(S,G) = —————,
( ) H(S)+ H(G)

where H(-) denotes Shannon entropy. To assess significance, we generated null

distributions by permuting trial indices, with multiple comparisons controlled

using Benjamini-Hochberg (FDR = 0.01). Results are shown in Supplementary

Figure S11B.

4.8 Software

All analyses were conducted using Julia[46] and R[41]. Model development, inference,
and simulation were implemented in Julia using: Optim.jl[45] (numerical opti-
mization), ForwardDiff.jl[44] (automatic differentiation), HiddenMarkovModels.j1[47]
(state-space inference), StateSpaceDynamics.jl[48] (GLM-HMM learning and infer-
ence), Turing.jl[49] (probabilistic modeling), and Plots.jl[50] and Makie.jl[51] (visual-
ization). Statistical analyses of behavioral modulation across the 24-hour cycle were
performed in R using mgcv[40] (GAMM) and ggplot2[52] (visualization).

Resource Availability. Lead contact. Requests for further information and
resources should be directed to and will be fulfilled by the lead contacts, BBS
(bbs@bu.edu) and BDD (bddepasq@bu.edu).

Materials availability. This study did not generate new materials.

Data and code availability. All custom code used for data processing, model
fitting, simulation, and figure generation is publicly available. The full analysis pipeline
and behavioral dataset are available at:

® https://github.com/depasquale-lab/24 Hour_Behavior
® https://github.com/depasquale-lab/DriftDiffusionModels.jl

22


mailto:bbs@bu.edu
mailto:bddepasq@bu.edu
https://github.com/depasquale-lab/24_Hour_Behavior
https://github.com/depasquale-lab/DriftDiffusionModels.jl

The 24 Hour Behavior repository contains the complete dataset required to repro-
duce all results reported in this study, along with scripts for preprocessing, model
fitting, and figure generation. The DriftDiffusionModels. j1 repository contains the
implementation of the DDM and DDM-HMM frameworks used in this work.[53]
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Fig. 1 Automated evidence accumulation task and chamber. (A) Diagram of the final stage
of the visual evidence accumulation task. The correct flash port (p. = 0.75) is selected with equal
probability between the left and right decision ports on each trial following trial initiation. Rats can
observe stimulus flashes (up to 8s total) at will and report their choice voluntarily. (B) Schematic
of an example trial. (C) 24-hour operant chamber. Rats live in and continuously perform the visual
evidence accumulation task within the same chamber. Lights are on from 7:30 AM to 7:30 PM, and
rats are fed daily between 2:00 and 4:00 PM. (D) Trial-time histogram showing the number of trials
collected in 30-minute bins across all rats over the 24-hour cycle. (E) Daily average accuracy.
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Fig. 2 Individual variability and circadian modulation of behavior. (A—C) Dot-and-whisker
plots showing variability across animals for (A) accuracy, (B) reaction time (RT), and (C) trials
per hour. Dots indicate the mean for each animal, and horizontal lines indicate the range. (D—
F) Fixed effects from generalized additive mixed models (GAMMs) illustrating the time course of
behavioral performance across the 24-hour cycle. (D) Accuracy varies significantly with time, reaching
a minimum during feeding (yellow shaded region) and a maximum during the dark phase (gray
region). (E) Reaction times show a similar pattern, being shortest near feeding and during the dark
phase. (F) Trial rates also exhibit circadian modulation, with engagement dropping during feeding
and peaking during the dark phase.
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(B) Example model fit of the DDM-HMM (black) to an example rat reaction time (RT) distribution
(blue). (C) Q-Q plot comparing aggregated RT data to RTs simulated from the DDM-HMM. (D)
Model-predicted accuracy versus observed animal accuracy.
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probabilities across trials during feeding. (F) Autocorrelation function (ACF) of inferred states in
the empirical data (points) compared with simulated data from the model (mean + 94% CI). (G)
Hourly state occupancy relative to the light—dark cycle.
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Fig. 5 DDM-HMM reveals distinct behavioral states across the 24-hour cycle. (A) 24-
hour time course of accuracy-ranked state occupancies. (B) Enrichment of state occupancy during
the dark phase. Lower-accuracy states are less enriched than expected by chance. (C) Same as
(B), but during feeding. Lower-accuracy states are over-enriched during this period. (D) Boundary
separation across accuracy-ranked states. (E) Starting-point bias across accuracy-ranked states. (F')
Non-decision time increases with state accuracy. (G) Drift rate increases with state accuracy. (H)
Heat map of the four free DDM parameters. Rats are sorted by mean drift rate.
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Real and Simulated RT Autocorrelation
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Fig. 6 The DDM-HMM captures trial-to-trial correlations in reaction times. (A) Mean
autocorrelation functions (ACFs) of trial-level DDM parameters estimated by the multilevel DDM,
averaged across rats. Shaded regions indicate 1 SEM across animals. Under the generative assump-
tions of the multilevel DDM, trial-level parameters are independent across trials; the observed
systematic autocorrelation indicates unmodeled temporal structure. (B) Reaction time autocorrela-
tion functions for empirical data (black), simulations from the DDM-HMM (blue), and simulations
from the multilevel DDM (orange). Shaded regions indicate 94% credible intervals for simulated data.
The DDM-HMM reproduces the serial dependence observed in empirical reaction times, whereas the
multilevel DDM fails to capture this structure.
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Fig. 7 The DDM-HMM captures short-timescale fluctuations in behavior. (A) Example
reaction time (RT) distribution from a rat performing the task within a fixed 2-hour epoch. (B)
Learned response time distributions of the corresponding DDM components in the DDM-HMM. (C)
Example posterior state probabilities over a 2-hour session. (D) Population autocorrelation function
(ACF) across six rats performing the task in 2-hour epochs. The DDM-HMM population ACF closely
matches the empirical ACF.
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Fig. S1 Animal training procedure and dataset summary. (A) Animals are trained in a six-
stage procedure. In stage 1 (light chasing), animals nose poke the illuminated center port to receive
a reward (500 trials). In stage 2 (center-out), animals nose poke the center port and then either
the left or right port (assigned randomly; 500 trials). In stages 3-5, animals initiate trials via the
center port and must achieve >90% accuracy over 500 trials by selecting the port with the higher
flash probability. Before advancing to the performance stage (stage 6), animals must achieve >80%
accuracy over 500 trials. (B) Summary statistics for the 18 rats included in the study.
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Fig. S2 Individual GAM fits of reaction times across the 24-hour cycle. Blue lines indicate
animal-level averages; points are scaled by the number of trials contributing to each estimate; yellow
bars denote feeding periods.
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Fig. S3 Individual GAM fits of accuracy across the 24-hour cycle. Blue lines indicate
animal-level averages; points are scaled by the number of trials; yellow bars denote feeding periods.
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Fig. S4 Individual GAM fits of trial production across the 24-hour cycle. Blue lines
indicate animal-level averages; points are scaled by the number of trials; yellow bars denote feeding
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Fig. S5 The DDM-HMM captures RT distributions. Simulations from learned DDM-HMMs
(black line) closely match the empirical data (blue histogram) from all animals.
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and low-drift. (B) State-dependent DDM parameters (drift rate, boundary separation, starting bias,
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tograms reflect real data using soft state assignments; black curves indicate simulated data from the
fitted HMM-DDM. (D) Soft-assigned choice accuracy for each state. (E) Example posterior state
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Fig. S8 BIC comparison suggests the full DDM-HMM is the best model of animal 24-
hour decision making data. (A) Heatmap of individual animal ABIC from the “full” model.
Black stars indicate the best fitting model. Bluer colors represent worse model fits compared to the
full model. (B) Mean ABIC at the population level.

44



low contrast f z
\ Rl
c
s
I oo O i
high contrast 0.0 )
-1 0 1
(#R -#L)/ (#R + #L)
C E
010 = DDM (high)
% s DDM (low)
g £ B data (high)
Q S 0.05 [ data (low)
3 g
0.00
low high low high 00 05 10 R:_.?S) 20 25 30
F v B T a0
1.0 0.8 7
1.5 ok
2.00 4
081 0.6
1754
H 0.6 - H
150 4 0.4 H -
0.4 1
1.25 A
T T 1 02 - r T
low high low high low high low high

Fig. S9 Rats show a higher drift rate under high contrast conditions during daily 2-hr
training. (A) Schematic of rats training under low contrast (room light on) and high contrast (room
light off). (B) Psychometric curves under low and high contrast conditions. (C) Average accuracy
across animals (£ SE; n = 6). (D) Average RT across animals (+ SE; n = 6). (E) RT distributions
from low and high contrast. Bars represent the data, lines represent DDM predictions. (F) Mean
fitted DDM parameters for drift rate (v), boundary separation (B), non-decision time (7) and starting
point (ao).
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Fig. S10 Parameter learning in a multi-level DDM model. (A) Change in evidence lower
bound (AELBO) across optimization iterations for each rat. (B) Posterior distributions of trial-level
hyperparameters from the multilevel DDM.
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Fig. S11 The DDM-HMM and GLM-HMM find similar latent dynamics. (A) Alignment
matrix showing above-chance joint state activity. (B) Permutation test results for NMI between the
GLM-HMM and DDM-HMM posteriors. (C) Model choice prediction performance comparison. (D)
Difference in log-loss between models.

46



(@)

e 9o
o ®

N
>

p(Rightward Choice)
© o o o o
[« N B (=] (=]
—o—t Lol o
0 - o
o1 o .l
GLM Weight

GLM Weight

p(Rightward Choice)
o
N

= o
o o

Soft-assigned accuracy

90,
1.0,
o
280 Los
= o
a2 S z
g Sos 5
570 I H
3 204 =
s -
< = ©
60 202 -1
o
0.0 -2 -
-1.0 -0.5 0.0 05 1.0 Stimulus Bias Prev.  Prev.
50 Flash Ratio Choice Reward

State 1 State 2 State 3

(n=8882) (n=7504) (n=7095)
D E HMM-GLM soft state occupancy by hour — Example Rat
100 Example Posterior State Probabilities 100
S
075 Sl
z ]
= s
o
So50 880
o
X 2
® pus
©025 P25t
’ ’
00075 100 200 300 400 500 0 5 10 15
Trial Index Time From Light On (H)

Fig. S12 GLM-HMM latent states align with task structure. (A) State transition diagram
for a three-state GLM-HMM. (B) Soft-assigned choice accuracy for each GLM-HMM state. (C)
Psychometric functions (left) and GLM weights (right) for each state. (D) Example posterior state
probabilities across trials. (E) State occupancy as a function of time from lights on.
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Fig. S13 Replication of GLM-HMDM state structure in an expert rat. (A) State transition
structure for a three-state GLM-HMM. (B) Soft-assigned accuracy across states. (C) State-specific
psychometric functions and GLM weights. (D) Posterior state probabilities across trials. (E) Circa-
dian modulation of GLM-HMM state occupancy.

48



	Introduction
	Results
	Implementation of a live-in operant system for cognitive assessment
	The 24-hour cycle robustly modulates accuracy, reaction time, and engagement
	The DDM-HMM: a novel state-space model for serially-dependent evidence accumulation
	DDM-HMM accounts for speed and accuracy at the individual and population levels
	DDM-HMM reveals discrete, serially-dependent, circadian-modulated decision states
	Circadian modulation of decision states generalizes across animals
	Distinct combinations of DDM parameters define discrete behavioral states
	Ambient light affects drift rate, but not RT, boundary or non-decision time
	The DDM-HMM addresses a central shortcoming of the DDM
	The DDM-HMM discovers similar latent dynamics to the GLM-HMM
	The DDM-HMM captures behavioral fluctuations in session-based training

	Discussion
	Limitations of the study

	Methods
	Experimental Methods
	Animal Subjects
	Automated Operant Training System
	Live-In Training Facility
	Visual Evidence Accumulation Task
	Training Pipeline
	Circadian Housing and Husbandry Conditions
	Session-Based Daily Training

	Quantification and Statistical Analysis
	Generalized Additive Models
	Accuracy Model
	Reaction Time Model
	Trial Production (Trial Rate) Model

	Drift Diffusion Models
	Drift Diffusion Model Implementation
	Stimulus Coding and Choice Convention
	Parameter Estimation
	DDM Fitting for the Contrast-Manipulation Dataset
	Multilevel Drift Diffusion Model

	Hidden Markov Models
	Direct Likelihood Optimization via L-BFGS

	Drift Diffusion Model–Hidden Markov Model (DDM–HMM)
	Constrained-Parameter Model Comparison via BIC

	GLM–HMM Models
	Bayesian Regression Models
	Model-based simulation checks.
	State enrichment analyses.
	Posterior alignment between models.
	Normalized mutual information.


	Software
	Resource Availability
	Acknowledgements



	Supplementary Figures

