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Abstract
Summary

Cognitive control involves allocating cognitive effort according to internal needs and task
demands and the Anterior Cingulate Cortex (ACC) is hypothesized to play a central role in this
process. We investigated the neural basis of cognitive control in the ACC of rats performing
an adjusting-amount delay discounting task. Decision-making in this this task can be guided
by using either a lever-value tracking strategy, requiring a ‘resource-based’ form of cognitive
effort or a lever-biased strategy requiring a ‘resistance-based’ form of cognitive effort. We
found that ACC ensembles always tightly tracked lever value on each trial, indicative of a
resource-based control signal. These signals were prevalent in the neural recordings and
were influenced by the delay. A shorter delay was associated with devaluing of the immediate
option and a longer delay was associated with overvaluing of the immediate option. In
addition, ACC theta (6-12Hz) oscillations were observed at the choice point of rats exhibiting a
resistance-based strategy. These data provide candidates of neural activity patterns in the
ACC that underlie the use of ‘resource-based’ and ‘resistance-based’ cognitive effort.
Furthermore, these data illustrate how strategies can be engaged under different conditions
in individual subjects.

eLife assessment

The authors present a potentially useful approach of broad interest arguing that
anterior cingulate cortex (ACC) tracks option values in decisions involving delayed
rewards. The authors introduce the idea of a resource-based cognitive effort signal in
ACC ensembles and link ACC theta oscillations to a resistance-based strategy. The
evidence supporting these new ideas is incomplete and would benefit from
additional detail and more rigorous analyses and computational methods.
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Introduction

Cognitive effort is commonly thought of as being equivalent to mental exertion, however multiple
types of cognitive effort have been identified and formalized1     ,2     . A resourced-based form of
cognitive effort is relevant whenever a task relies on a valuable but depleting resource, such as
attention or working memory1     ,3     ,4     . There is also a resistance-based form of cognitive effort
that is used to overcome some type of internal ‘resistive force’, such as unpleasantness or
impatience2     ,5     . Both types of cognitive effort are costly and are typically avoided when
possible. However, the perceived costs of deploying cognitive effort must be weighed against the
consequences of not exerting effort. Such decisions are influenced by a variety of extrinsic and
subjective factors, including the task demands, the individual’s propensity for one type of
cognitive effort over another, their level of arousal or fatigue, and the urgency of the need that
would be satisfied by exerting the effort2     ,5     . For these reasons, cognitive effort cannot be
measured in purely objective terms but must be inferred from a subject’s behavior or from
physiological measures.

Decision-making tasks involving intertemporal choices have commonly been used to study
cognitive effort in both humans4      and rats6     ,7     . These tasks require subjects to choose between
accepting a low-value reward immediately or waiting for a higher valued reward to be delivered
after a delay. The adjusting amount delay-discounting task8     ,9      adds an additional layer of
complexity, as the payout for the immediate option decreases whenever the immediate option is
chosen and increases whenever the delayed option is chosen. In order to both maximize reward
and minimize waiting, the subject should generally favor the delayed lever option but exploit the
immediate lever option whenever its value (i.e. payout) is high. As a result, these tasks require a
combination of the two types of cognitive effort mentioned above: The resistance-based form is
needed in order to overcome the unpleasantness of waiting out the delays associated with the
delayed lever option, whereas the resourced-based form cognitive effort is necessary when the
subject must draw on attentional and mnemonic resources to keep track of the value of the
immediate lever option to know when it’s value is high.

Deciding how and when to deploy cognitive effort is a form of cognitive control that is thought to
rely primarily on the ACC. Cognitive control processes, mediated by the ACC, dynamically regulate
how much and what type of cognitive effort should be deployed by comparing the expected value
of the outcome produced by the effort versus the cost of implementing and maintaining that
effort1     ,10     . In this regard, the cost of cognitive effort is ‘felt’ at a physiological level through
changes in emotion and autonomic tone2     ,4     ,11     –13     .

The ACC is well suited to track the cost of cognitive effort due to its extensive bilateral connections
with regions involved in regulating autonomic tone14     –16     . There is also considerable support
for the idea that the ACC is involved in effort-based decision-making more generally as multiple
studies have shown that ACC activity represents the degree of expected effort17     –19      and that
ACC lesions in rodents reduce the propensity to make choices that involve physical effort, even if
such efforts result in higher rewards20     –22     . In line with this view, inactivation of the ACC
reduces the willingness of rats to expend cognitive effort to obtain larger rewards on a variant of
the 5-choice serial reaction time task23     . In that study, cognitive effort was defined based on the
relative demands placed on visuospatial attention, which is an example resourced-based cognitive
effort.

The neural mechanisms of cognitive control have been studied at a macroscopic level in humans
using EEG24     ,25      and theta oscillations have emerged as a candidate signal. Frontomedial theta
oscillations originate in the ACC and potentially synchronize ACC with other brain regions when
control is deployed26     ,27     . Fronotmedial theta exhibits several features that would be expected
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of a cognitive control signal, as it increases following negative feedback, over time in tasks that
require sustained effort, and under conditions when a decision is difficult28     ,29     . However, the
cellular mechanisms within the ACC that deploy and control various types of cognitive effort have
not been identified.

We sought to address this knowledge gap by recording from ensembles of ACC neurons during the
adjusting amount delay-discounting task. The task is well suited for this purpose since it involves
the two forms of cognitive effort described above. If rats opt to make choices based on the relative
values of the two levers, they would need to rely on a resource-based form of cognitive effort in
order to keep track of the ever-changing value of the immediate lever (ival). This strategy would
be expressed as a switch from focusing on delayed lever-presses (dLPs) when ival was low to
immediate lever-presses (iLPs) when ival was high. Alternatively, a rat may decide to focus solely
on dLPs throughout the session. While this strategy forgoes the need for ival tracking, it does
require a strong reliance on a resistance-based form of cognitive effort in order to endure the
delays associated with each dLP. Neural and behavioral correlates of each strategy was assessed in
the DD task.

Methods

Subjects and task
For electrophysiology experiments, 10 male Wistar rats were purchased from Envigo
(Indianapolis, IN). Animals were acclimated to vivarium conditions, a 12-h reverse light/dark cycle
with lights ON at 7:00 PM, for 3 days prior to handling. Animals were then single-housed with ad
lib access to food and water for a week and were at least 70 days of age prior to food restriction
and habituation to the task. All procedures were approved by the IUPUI School of Science
Institutional Animal Care and Use Committee and were in accordance with the National Institutes
of Health Guidelines for the Care and Use of Laboratory Animals.

Apparatus
Behavioral training was performed in eight standard one-compartment operant boxes (20.3 cm ×
15.9 cm × 21.3 cm; Med Associates, St Albans, VT) inside of sound attenuating chambers (ENV-
018M; MED Associates, St. Albans, VT). Each box contained one wall with two stimulus lights, two
retractable levers that flanked a pellet hopper, and a tone generator. Cue lights were above each
lever. A tone generator (2900 Hz) was above the hopper. A house light was on the opposite wall.

All awake-behaving electrophysiological recordings were performed in one custom-built operant
box (21.6 cm x 25.7 cm x 52.0 cm). Dimensions, stimuli (including house and cue lights), and
retractable levers were all positioned to replicate the conditions of the operant boxes as closely as
possible. The floor bars of the custom-built box were made of painted wooden dowels. All metal
components of the box were powder coated. MED-PC IV software (Med Associates, St. Albans, VT)
was used to all environmental variables (e.g. lever extensions, presses, lights on/off).

Behavioral Training
Following a week of single housing, animals were handled daily for a week. Animals were food
restricted to 85% of their starting free-feeding weight and maintained under this condition for the
duration of the experiment except for immediately before and after surgery. Animals received
their daily amount of food following testing.

Animals were habituated on Day 1 to the operant chambers for 30 minutes. Shaping procedures
began on Day 2 and details for shaping procedures can be found in30     . In brief, animals were
trained to press each lever for a sucrose pellet and environmental variables were introduced in a
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staged manner over 6 days. Learning the contingency between pressing the lever and receiving a
pellet, was demonstrated by a minimum of 30 successful reinforced lever responses for each lever,
which was typically completed within 6 days.

On days 7 and 8 training on the task with all environmental stimuli was initiated. Illumination of
the house light signaled the start of a trial and remained on for 10 seconds. Once extinguished,
both levers extended, and the animal was required to press either lever in order to initiate the
start of the trial. No response for 10 seconds resulted in retraction of the levers followed by the
illumination of the house light (10 seconds). Once a lever was pressed to initiate the trial, both
levers retracted for 1 second. Levers were reinserted into the chamber and lights above each lever
were illuminated. A response on either lever was marked with a 100ms tone and a single sucrose
pellet delivered, simultaneously. Only the cue light above the chosen lever remained on for the
remainder of the trial. The duration of the trials was always 35 seconds. These sessions were
terminated either when 30 choices were made or when 35 minutes had elapsed. Over sessions 7
and 8, lever preference bias was determined for each animal.

Delay Discounting Task
The within-session adjusting amount DD procedure was a modified version of the procedure30     

which was originally adapted from Oberlin and Grahame31     . Stimuli were presented in the exact
manner detailed in days 7 and 8 of shaping except that the number of pellets delivered for a given
trial was dependent on lever pressing contingencies detailed below. The “delay lever” was
assigned to each animal as their non-preferred side. Choosing the delay lever always resulted in
the delivery of 6 pellets following some delay (0, 1, 2, 4, or 8s). Choosing the immediate lever
resulted in 0-6 pellets delivered immediately (i.e. the adjusting amount lever). The value of the
immediate lever (ival), was defined as the number of pellets delivered by the immediate lever. Ival
was always set to 3 pellets at the start of each session. On “choice trials” each response on the
immediate lever would decrease the number of pellets the immediate lever would dispense on the
next trial by one (minimum 0 pellets) whereas a response on the delay lever would increase the
number of pellets the immediate lever would dispense on the next trial by one (max 6 pellets).
“Forced trials” were implemented for the immediate and delay levers, where two consecutive
responses on the same lever would result in a forced trial for the non-chosen lever on the next
trial. If an animal did not lever press on the forced trial, the forced trial would be presented again
until the lever was pressed. The animal had to eventually make a response on the forced trial in
order to return to choice trials. There was no effect of forced trials on the value of the immediate
lever.

Animals then completed 0, 1, and 2-sec delays in ascending before surgery. After completing a
delay, animals had one day off where no testing occurred. Eight to twelve sessions were given at
the 0-sec delay and four sessions at the 1 and 2-sec delay. Reward magnitude discrimination was
determined at the 0-sec delay in the standard operant chambers using the 45mg sucrose pellets
with an exclusion criterion of 70% (4.2 pellets) of the maximum reward value (6 pellets).
Magnitude criteria were meant to assess whether animals understood the lever contingencies
before moving forward with subsequent delays, specifically, that there was no penalty for pressing
the delay lever at a 0-sec delay.

Once the animals recovered from surgery (see below) they were given a 2-sec delay ‘reminder
session’ before recording neural activity. Each recording session consisted of 40 choice trials or
45mins and used 20mg sucrose pellets.

Electrophysiology Surgical Preparation & Implantation
Animals were anaesthetized with isoflurane gas (2% at 4L/h) until sedated, at which point they
were placed in a stereotaxic frame and maintained on 0.3-0.5% isoflurane for the duration of the
surgery. Artificial tears were then applied. Subsequently, fur was shaved and the skin at the
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incision site was sanitized with three rounds of both 70% EtOH and betadine before applying a
local anesthetic (Marcaine; 5mg/kg s.c.). An anti-inflammatory (Ketofen; 5mg/kg dose s.c.) and
antibiotic (Cefazolin; 30mg/kg s.c.) were injected at the nape of the neck (anti-inflammatory and
antibiotic) before beginning the incision. Once the skull was exposed and cleaned of blood,
bregma-lambda coordinates were identified. Prior to implantation of Cambridge Probes, four
anchoring screws were inserted.

A small, rectangular craniotomy was performed over the right hemisphere of MFC (AP: 2.8, ML: 0.3
from bregma) followed by a durotomy and cleaning/hydration of the probe insertion site with a
sterile saline solution. Additionally, two ground screws were placed above the cerebellum. A
Cambridge Neurotech F (n=5), P (n=4), or E-series (n=1) 64-channel silicon probe on a movable
drive (Cambridge Neurotech, Cambridge, UK) was lowered to the target site. Mobility of the
movable drive was maintained with a coating of antibiotic ointment. Following insertion of
Cambridge Probes, a two-compound dental cement was used to adhere implants to anchoring
screws. Following completion of surgical procedures, animals were maintained in a clean heated
cage and monitored for recovery before being returned to the vivarium.

Electrophysiology Equipment
An electrical interface board (EIB) connected silicon electrodes to an Intan Omnetics headstage
(Intan – CA). An Intan RHD SPI cable (Intan – CA) connected the headstage to a Doric Commutator
(Doric Lenses – Canada) positioned above the operant apparatus. An OpenEphys (OpenEphys –
MA) acquisition system was used to collect all electrophysiological data. Data was streamed from
the OpenEphys acquisition box to a compatible desktop computer via a USB 2.0 connection and
sampled at 30 kHz. AnyMaze (ANY-maze Behavioral tracking software – UK) was used to collect all
behavioral and locomotor data. ANY-maze locomotor data was synchronized with OpenEphys via
an ANY-maze AMI connected to an OpenEphys ADC I/O board. Med PC behavioral events were also
synchronized to the electrophysiological recordings via an OpenEphys ADC I/O board. Following
sessions with diminished signal, electrodes were lowered 50µm following completion of that
session in order to allow any drifting of the probe to occur before the next day’s session.

Analyses of Electrophysiology Animals
The goal was to group the sessions based on whether a ‘dLP biased’ strategy, ‘ival-tracking’
strategy, or no dominant strategy was employed. Choices were separated based on whether the rat
pressed the lever that delivered a variable number of pellets immediately (immediate lever
presses, iLPs) or 6 pellets after a delay of 4 or 8s (delayed lever presses, dLPs). The relative
proportion of dLPs versus iLPs on free trials was then calculated for trials in which ival was low
(0-2), medium (3-4) or high (5-6). This produced a 3 x 54 matrix that was submitted to k-means
(with k=3) for clustering. K-means effectively separated the sessions based on behavioral strategy,
with G1 sessions exhibiting a strong dLP biased strategy (i.e. a high dLP:iLP at all ivals), G2
sessions exhibiting an ival-tracking strategy (i.e. a high dLP:iLP when ival was<3 but a low dLP:iLP
when ival was >4), and G3 sessions which exhibited a mixture of the 2 strategies. For
interpretability of the results, it was also important ensure that all sessions within a group had a
consistent delay interval. In order to ensure this was the case while not biasing clustering with an
explicit delay term, 3 G1 sessions with an 8s delay and 2 G2 sessions with a 4s delay were excluded
from further analyses. The breakdown of sessions per rats in the 3 session groups is shown in
Table 1     . Note that most animals moved between the groups and therefore the inferences made
on impulsivity reflect state rather than trait variables.
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Table 1

Distribution of sessions/rat
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Reinforcement Learning (RL) Framework:
Behavioral analysis and simulation of behavior
The task was captured by a model with 7 states and 12 actions (see methods, Figure 2A     ). Here
an ‘action’ was a LP and a ‘state’ could be conceived of as any time between pairs of LPs. Although
the task state map could be arranged in a number of possible configurations, 7 states were chosen
because this was the minimal number of states that would allow for segregation of state-action
pairs dedicated to free (states 2,3,7) and forced (states 4,5) dLP and iLP choices. The same task state
map was used to quantify the choice patterns on both the real and simulated sessions.

The RL simulations using this task state map were based on a Q-learning framework32     . Each
simulation run began with all Q-values set to 0 with the agent in state 1 (Figure 2     ) and ival set to
3. Because dLPs had a fixed payout, the goal of the agent was to maximize ival. The value of the
ival parameter was determined as in the real task sessions in that it was decreased by each iLP
and increased by each dLP.

Formally, the model had 3 main variables that governed choices and Q-value updating – ε-greedy,
gamma (γ) and alpha (α). These parameters were set to predetermined values prior to each
simulation run. The ε-greedy parameter governed the choice behavior of the agent while γ and α
governed learning (i.e. Q-value updating). Specifically, ε-greedy determined the likelihood that the
agent would choose the option with the highest Q-value (i.e. exploit) or randomly pick an option
(i.e. explore). Prior to the choice, a random value between 0-1 was chosen (the randi command in
MATLAB was used for all random draws and divided by 10). If this value was less than ε-greedy (or
the Q-values of the 2 choice options were equal), the choice between the immediate (iLP) or the
delay (dLP) option was determined randomly. Conversely, if the random value was greater than ε-
greedy, the state-action pair with the highest Q-value was chosen and the agent performed the
action and moved to that state.

After every choice step, ival was updated according to the rules of the task described above,
whereas Q-values were updated as described below. Once a choice was made, γ and α affected
how the Q-values were updated. The first parameter, γ determined the impact of Q-values up to
two trials in the future on Q-value updating. The second parameter, α, was the learning rate
parameter and it determined the magnitude of the change in the current Q-value on each update.
Specifically, once a choice was made (e.g. action) on some trial (t), the Q table was updated
according to the value of the chosen next state and the possible states that lay beyond it, based on
the following equation:

Where Q(cst, at) was the Q-value of the current state (cst) given some action (at) that moved the
agent to the next chosen state and resulted in an updated Q-value (Qnew(cst, at)). fival and fqmax
were determined by the best future state option; where fqmax was the future state option with the
largest Q-value and fival was the ival that would be produced if the agent were to choose fqmax.
The future state options were the Q-values that corresponded to state options that lied two trials in
the future of a given choice. If both possible choice options had equal Q-values, fqmax was chosen
randomly. Q-values were always scaled to a maximum of 6.

The RL model was used to simulate the behavior of G1 and G2 sessions. G1 and G2 sessions were
defined according to the behavioral strategy the rat’s employed which was in turn dictated by the
length of the delay associated with the dLP option. There was a steady focus on dLPs in G1
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sessions, whereas in G2 sessions, the focus on dLPs waned when ival was high (Figure 1     ). To
capture this dynamic, a dbias term was added to the model such that whenever ival was >=3 on
exploit trials, the Q-value associated with any dLP option was multiplied by 0.3-1, making it less
likely that dLPs would be chosen. Importantly, dbias had no direct effect on how the Q-table was
updated after a choice.

Each simulated session involved 20-30 runs of 50-58 trials to roughly match the average number of
trials (choice+forced) in the actual sessions. The number of times each state was visited across all
runs was tallied for both the real and simulated sessions. The state frequency visitation values
were then normalized by dividing by the number of visitations of the most frequently visited state.

In order to evaluate how the parameter settings affected the choice behavior of the simulated
agent, α and ε-greedy were independently varied between their minimum (0) and maximum (1)
values in 0.1 increments. The parameter settings which resulted in choice preference ratios that
most closely matched the real sessions were determined and the behavior of the model under
these parameter settings were plotted.

Ensemble tracking of ival
Two types of approaches were used to assess the tracking of ival by ensembles. The goal of the first
approach was to determine the strength of ival tracking relative to all influences on activity
throughout a session. This was done by applying Principal Components Analysis (PCA) to all time
bins (200 ms/bin) throughout a session. The portions of the PCs associated with the epochs of
interest were then extracted. The epochs of interest were the LP epoch (−1s to 0s prior to pressing
the choice lever) and the outcome epoch (0 to 4s after the first pellet dropped). The second
approach employed a supervised learning method in order to identify the ensemble patterns that
most closely tracked with ival during the LP epoch. For each neuron, the activity in the 5×0.2s time
bins preceding each LP was averaged. These values were concatenated into a single vector/neuron
and these vectors were concatenated into a single matrix/session that was submitted to Maximally
Collapsing Metric Learning (MCML; https://lvdmaaten.github.io/drtoolbox/     )33     ,34      using ival on
each trial as the class labels. MCML attempts to map all points in the same class into a single
location in feature space while mapping all points in other classes to other locations. It does this by
finding weights that minimize the Kullback–Leibler divergence in Mahalanobis distances between
points within a class while maximizing the divergences between classes. Weightings are
determined iteratively via gradient descent. Like PCA, it finds a set of components that in this case,
varied across trials with ival but has been shown to be superior to PCA for this type of
application33     . The r2 between ival and the MCML component that most closely tracked ival in
each session were compared across groups using a one-way ANOVA followed by post-hoc multiple
comparisons.

Single neuron tracking by ival
The mean spike count during the LP epoch (−1 to 0s) of all trials was z-scored and the ival vector
denoting ival on each trial was normalized from −1 to 1. If the correlation between ival and the
spike count was negative, the spike count vector was flipped to ensure all comparisons were made
on equal ground. A linear regression model was used to fit the zscored spike count vector to the
normalized ival vector (using regstats in Matlab). This generated a residual vector which denoted
the quality of the fit on each trial. These residuals were stratified based on group, LP type and ival
and were compared using a one-way ANOVA and post-hoc multiple comparisons with alpha=0.01.
To be included in these analyses, the neuron had to have a mean spike count >0.1 across all LPs
and a regression r2 value >0.2.
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Figure 1

Different forms of cognitive effort as expressed in different behavioral strategies.

Sessions were grouped based on the relative strength of a dLP-biased strategy versus an ival-tracking strategy in choice
patterns. A strong bias for dLPs was observed in G1 that remained consistent regardless of ival. In contrast, G2 sessions
exhibited a strong ival-tracking strategy as the ratio of dLPs:iLPs reversed when ival went from low to high. Finally, G3
exhibited a mix of both strategies such that there were more dLPs when ival was low and the ratio of dLPs to iLPs decreased
at higher ivals but never exceeded 0.5.
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Analysis of theta oscillations
Local field potentials (LFPs) were acquired in each of the electrophysiology animals. For analysis,
the 64 LFPs were averaged, and analysis was performed on this signal from each recording.
Signals were down sampled to 1000Hz and the time around each choice (−10 sec: 20 sec) was
extracted. Spectral decomposition was performed via short-time Fourier transform over 0.5 s
windows with 90% overlap. Real components of the signal were extracted and power in the theta
band was taken as the average power for each time bin in the 6-12Hz band. Power measures were
smoothed via moving average over 50ms for each trial.

Analysis of oscillations in neural firing
Autocorrelations were computed for each neuron over +/−1s and binned at 1ms. PCA was then
performed on autocorrelations (Figure 7     ), and it was found that PC3 split the neurons that
exhibited 4-5Hz or theta oscillations. This was validated by examining the spectrum (via Fourier
transform) of the mean autocorrelation obtained from autocorrelations with either positive or
negative coefficients. An examination of the distribution of coefficients associated with PC3 yield a
distribution with three clear modes. Positive loading neurons (>0.015) exhibited 4-5Hz oscillations
and negative loading neurons (<-0.015) exhibited theta oscillations. In addition, an intermediate
group with no clear oscillations was observed. Neurons that belong to each mode were then
stratified by group as defined above (G1, G2, G3).

Results

The goal of the study was to understand how the ACC represented different forms of cognitive
effort. The adjusted-reward delay-discounting (DD) task could be solved using two main
behavioral strategies that require the deployment of different forms of cognitive effort and that
are associated with different behavioral choice patterns. The first strategy involves simply
focusing on the delayed lever throughout the entire session. This strategy ‘dLP-biased’ strategy
would produce the largest overall pellet yield but requires a resistance-based form of cognitive
effort in order to wait out the delays associated with each dLP. If the waiting out the delays are too
aversive, the alternative strategy would be to shift between levers based on their relative value,
focusing on the immediate lever when ival is high and the delayed lever when ival is low. This
strategy poses its own challenges as it requires a resource-based form of cognitive effort to
continually keep track of value of the immediate lever. The behavioral manifestation of a dLP-
biased strategy would be a high dLP:iLP on all free choice trials whereas an ival-tracking strategy
would be manifest as a positive relationship between ival and the relative proportion of iLPs (i.e.
ival/iLP slope).

The dLPs:iLP and the ival/iLP slope were calculated for each of the 54 sessions and the sessions
were sorted using k-means clustering. The first cluster (G1), exhibited a clear dLP-biased strategy
as there was a high dLP:iLP all every level of ival. This cluster contained only sessions with a 4 sec
delay (Figure 1     ). The second cluster (G2), exhibited clear evidence of an ival-tracking strategy, as
the relative proportion of iLPs depended strongly on ival. It contained only sessions with the 8 sec
delay. The final cluster (G3) of sessions exhibited a mixture of the 2 strategies and was not limited
to sessions of a specific delay length. Given the goal of understanding how ACC ensembles
represented the two forms of cognitive effort mentioned above, the remainder of the study will
focus exclusively on G1 and G2.

Reinforcement Learning (RL) models have proven effective in providing theoretical accounts of
ACC function related to cognitive control26     ,35     –39     . Therefore, a RL-based framework was
used to gain further insights into the choice behavior on this task. Specifically, a Q-learning32     
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framework was employed where the agent transitioned from one state to the next state by
performing an action (Figure 2A     ). Each state-action pair had a value (i.e. a ‘Q-value’) that was
updated according to the current value of the immediate lever (i.e. ival). The task was divided into
7 state-action pairs as depicted in the task state map shown in Figure 2A     , where the actions
were the LPs and the states could be thought of as any time between pairs of LP actions. The states
and the transitions between them captured every possible scenario permitted under the rules of
the task (see Methods). A basic premise of the task map was that even numbered states
represented free-choice dLPs whereas odd numbered states involved free-choice iLPs. The
importance of either strategy was then evaluated by manipulating the specific model variables
outlined below and comparing the choice behavior (i.e. the dLP:iLP ratio) of the agent with that of
the animals in G1 and G2.

The dLP:iLP extracted from the G1and G2 are shown in Figure 2B,C     . Since the G1 group
exhibited a very high dLP:iLP, the state frequency distribution had far more even-numbered states
than odd-numbered states. Furthermore, the higher frequency of state 3 relative to states 5 and 7
indicated that when the rats in G1 did make iLPs they tended to make one-off iLPs rather than
consecutive ones. By contrast, the task-state distribution for G2 was characterized by a much
higher prevalence of odd-numbered states and in particular states 5 and 7, which indicated more
consecutive iLPs.

We then attempted to simulate the choice behavior of G1-G3 using an RL model based on the same
state map shown in Figure 2A     . The agent’s goal was to maximize ival by tracking/learning from
outcomes and using this information to alter its choices. Its choice behavior was governed by the 3
parameters standard to all RL models, α, ε-greedy, and γ. The α parameter determines the learning
rate, or the magnitude of the change in the current Q-value, given an outcome. The ε-greedy
parameter determines the likelihood that the agent would choose the option with the highest Q-
value (i.e. exploit) or randomly pick an option (i.e. explore) at the choice point of each trial. Finally,
the γ variable determines how much future rewards were discounted when updating Q-values.
We found that γ had relatively small effects on the behavior of the simulated agent, therefore it
was held constant at 0.2 for all simulations described below.

After testing a range of model parameters (Figure 2D     ), a restricted range was identified that
were capable of creating a dLP:iLP ratio and choice distribution similar to G1. This was obtained
when α was close to 1 and ε-greedy was close to 0.4 (Figure 2D,E     ). In other words, when the
agent exhibited robust learning from prior outcomes and made choices that balanced exploitation
and exploration. In contrast, it was possible to attain a dLP:iLP similar to G2 using a much wider
range of RL model parameters (Figure 2C     ), but all involved relatively low α and high ε-greedy
values. However, none of these parameters (see Figure S1      for examples) allowed the model to
capture the cross-over in choice distribution that characterized G2 (see Figure 1     ). We sought to
understand why was this was the case.

There was no reason to believe that rats in G2 should have been less effective at learning from
outcomes, especially considering that all animals had exposure to the 4s delay and many of the
same rats contributed to both G1 and G2 sessions (Table 1     ). Rather, we conjectured that the
critical difference between groups was that rats in G2 sessions actively avoided a dLP-biased
strategy because they were unwilling to wait out the delays associated with the delayed lever. In
other words, by increasing the delay from 4s to 8s, it effectively devalued dLPs. To capture this, a
new parameter, dbias, was added to the model. The dbias parameter scaled down the Q-value of
the dLP option whenever it was extracted from the Q-table on exploit trials. Importantly, it did not
affect the actual values of dLPs in the Q-table nor did it impact how the Q-values were updated on
each trial.
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Figure 2

Quantifying choice behavior using a RL model.

A) The transition matrix showing all possible task states. Task states were defined according to all the possible lever-press to
lever-press choice transitions for the task. The sessions always began from an initial state (state 1), which would be
equivalent to the pre-task period. The rat (or agent) could then choose to perform either a dLP (blue) or iLP (red) until they
made repeated presses on either lever, which would then initiate a forced choice trial (thick lines with open arrows, states
5→7 or 4→6). Task state distributions of G1 (B), G2 (C). D) Parameter space of the effects of changing the learning rate (α)
and the likelihood of exploration (ε-greedy) on dLP:iLP. The heat plot gives the free choice dLP:iLP produced by different
model parameters. γ was held at 0.2 for all simulations. E) Simulations that matched the dLP:iLP of G1 (Left), G2 (Right)
sessions were obtained using the same RL parameters (α=0.95; ε-greedy=0.4; γ=0.2) but a dbias term of 0.4 was included for
the simulations shown in the right panel. In B and D, the task state frequency distributions were averaged across sessions
and normalized to the maximum state visitation frequency.

https://doi.org/10.7554/eLife.99930.1
https://doi.org/10.7554/eLife.99930.1


Jeremy K Seamans et al., 2024 eLife. https://doi.org/10.7554/eLife.99930.1 13 of 46

Using a uniform dbias to scale dLP independent of the current ival, it was still impossible to
reproduce the choice behavior G2 (Figure S1     ). However, a uniform dbias does not accurately
capture the choice behavior of G2, as dLPs were still the default option when ival was low (Figure
1     ). Therefore, we repeated the simulations but only applied the dbias term to dLP options that
arose when ival was >3. In this case it was possible to accurately reproduce, the dLP:iLP, the state
frequency distribution and the choice distribution of G2 (Figure 2F     ). In fact, this was possible
using the identical RL parameters that were used to reproduce the choice behavior of G1 (Figure
2E     ). However, it should be noted that dbias had to be maximal in order to accurately reproduce
G2 behavior, meaning that the value of dLP options arising when ival was 4-6, were scaled to 0.
Collectively the results suggested that both groups were equally effective at using dLPs to
maximize ival, but G2 deviated from this strategy by strongly avoiding dLPs when ival was high.
This strategy struck a balance between maximizing rewards and minimizing delays.

The RL simulations revealed that the strategies of both groups relied on ival in order to maximize
rewards and, in the case of G2, to also minimizing waiting. We therefore searched for a neural
representation of ival in the ACC recordings. The first approach involved applying Principal
Component Analysis (PCA) to the spike count matrices that included all time bins (0.2s) throughout
a given session. The portions of the PCs related to the LP epoch (−1 to 0s before the LP) and the
outcome epoch (0 to 4s after the first pellet dropped) were then extracted and plotted alongside
ival. The examples shown in Figure 3      highlight that PCs could be found in all 3 groups that
tracked ival consistently across multiple task epochs.

Although Figure 3      provided evidence of ival-tracking, session-wide PCA was not optimal for
identifying this signal since it is an unsupervised dimensionality reduction method and since the
signal may not be equally strong in all time bins. A better approach would be to focus on the lever-
press (i.e. choice) epoch and to use a supervised dimensionality reduction/classification method
that optimizes projections of the ensembles to resolve information related to ival. Maximally
Collapsing Metric Learning (MCML)33     ,34      was chosen for this purpose. First, the spike counts
for each neuron during the LP epoch were averaged and then concatenated across trials to form a
single vector/neuron. These vectors were then combined into a matrix and submitted to MCML,
using ival as the class labels. The strength of ival tracking was quantified as the correlation
between the MCML component and ival. In all groups, ensemble activity was found to distribute
into separate clusters based on ival (Figure 4A,E     ). When the MCML components were plotted
through time, the fidelity of ival tracking was striking (Figure 4B,F     ). The distribution of
neuronal loadings on the ival-tracking components was approximately continuous, suggesting that
ival-tracking was a property of the ensemble rather than a handful of specialized neurons (Figure
4C,G     ). Nevertheless, individual neurons varied in the strength of ival-tracking and examples of
neurons loaded strongly onto the ival-tracking component are shown in Figure 4D,H     . However,
the strength of the correlation between ival and the MCML component did not differ by group
(Figure 4I     ; F(1,30)=0.27,p=0.6). While this was somewhat surprising given the profound
differences in the choice patterns of the two groups, it was accurately predicted by the results of
the RL modeling above.

For the present purposes, ival-tracking could be considered a reasonable correlate of lever value.
Although ival was tracked robustly, the fidelity of this tracking nevertheless fluctuated from one
trial to the next. If we assume that the ival-tracking signal indeed provided an internal
representation of lever value, then any deviation between this signal and ival would imply that
the neuron had misrepresented lever value on that trial. By quantifying the fidelity of ival
tracking, we could therefore estimate how each neuron represented lever value on each iLP trial.
For these analyses, a linear regression model was used to fit the z-scored mean spike count during
the LP epoch with ival. We then compared the residuals on low (0-2), medium (3-4) or high (5-6)
ival trials in G1 versus G2 (in order to compare all neurons on equal grounds, the spike count
vector was flipped if it was negatively correlated with ival). Using this approach, a positive
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Figure 3

Neural representations of ival tracking.

Examples of PCs (dark traces) that tracked ival (gray dashed traces) during various epochs of a session from A) G1 (PC1) and
B) G2 (PC3). The left panels show the portion of the PC associated with the LP epoch and the right, with the outcome epoch.
To help visualize the relationship between a given PC and ival, the PC was normalized between 0-1.
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Figure 4

Robust ival tracking was present in all 3 groups.

A) MCML was performed on concatenated spike count matrices of the LP epoch for an example session from G1. The clusters
were colored according ival on the trial in which the LP was performed. B) The MCML components tracking ival across trials
from another G1 session. C) The sorted loadings of neurons on the components shown in (B). D) Examples of neurons
exhibiting ival tracking. The mean (and s.e.m.) spike rate/0.2s bin in the 1s period preceding the LP on each trial is plotted in
black and ival is given by the gray dotted line. (E-H) same as (A-D) but for G2. I) The mean (and s.e.m.) r2 between ival and
the ival-tracking component associated with the LP epoch for all sessions in G1 and G2.
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residual on a given trial would imply that the neural representation of lever value was higher
than what would be predicted from ival, whereas the opposite would be true of a negative
residual.

As shown by the two examples in Figure 5A-B     , ACC neurons do a good job at tracking ival, but
the residuals reveal that they are not perfect in this regard. Overall, there was a difference in the
size of the residuals derived from model fits to neurons in G1 and G2 (F(5,2166)=335, p<0.0001).
Post-hoc multiple comparisons showed that when ival was low (0-2), the residuals were
significantly more negative in G1 than G2 (Figure 5C     ). Furthermore, the residuals remained
negative as ival rose to 3-4 in G1, whereas they flipped to positive for G2. This implied that
neurons in G1 uniformly under-valued iLPs across a wider range of trials than in neurons in G2.
When ival was high (5-6), the residuals in both groups became positive, but they were on average
significantly more positive in G2, suggesting that this group significantly over-valued iLPs when
ival was high. Collectively, these results suggest that neurons from rats in G1 tended to under-
represent the value of the immediate lever across a wide range of ivals, whereas neurons from
rats in G2 systematically over-represented the value of the immediate lever as ival increased.
Since the rats faced a choice between iLPs and dLPs on each trial, a uniform under-valuation of
iLPs (as in G1) would presumably cause rats to always favor dLPs, whereas a relative over-
valuation of iLPs at high ival (as in G2) would presumably have the opposite effect and create the
cross-over profile shown in Figure 1     .

In the human literature, there is a growing interest in the role of frontomedial theta in cognitive
control26     –29     . These studies typically involve macroscopic measures of cortical activity, such as
EEG. This motivated us to explore whether neural activity patterns reflecting a control signal could
also be observed in the spectrum of the local field potentials (LFPs) and spike trains within the rat
ACC. An assessment of the power spectrum in the LFP’s around the choice revealed several
changes in theta that were most prevalent in G1 - the group hypothesized to use a resistance-based
strategy. First, increases in theta power were observed in G1 immediately prior to a dLP (Figure
6B     ), but not an iLP (Figure 6A     ; group x choice x time interaction, F(11,12744)=5.09, p<0.0001).
Theta power then declined immediately after an iLP (Figure 6A     ). However, following a dLP,
theta power remained steady during the same period, only dropping after the termination of the 4
sec delay in G1 and the 8s delay in G2 (Figure 6B     ). Theta power then rebounded ∼5 sec after the
termination of the delay, which corresponds to the time during the intertrial interval. These data
suggest that theta power may reflect a control signal associated with committing to wait for the
delayed reward that turns off following reinforcement.

If theta power is important for facilitating a resistance-based control signal, then it should also be
modulated by ival. Choosing a dLP when the ival is high is a difficult choice because a similar
payout could be obtained with an iLP in the absence of a delay. Therefore, dLPs should require
more resistance-based control when ival is high. Theta power was higher at medium and high
ivals at the time of the lever press on dLP trials, when compared with low ival trials in G1 but not
G2 (Figure 6C,D     ; ival group x choice x time interaction, F(22,12744)=2.3, p=0.0005). In G1, an
increase in theta power was also observed but only following the iLP and only on low ival trials.
Since choosing the immediate option at a low ival is a poor choice, this increase may reflect a
completely separate negative feedback signal, potentially important for control more generally.

To determine if changes in the theta oscillations were observable in spike trains, autocorrelations
were examined for evidence of oscillatory entrainment in the theta band. PCA of the spiking
autocorrelations from each neuron revealed two prominent oscillations, one in the 4-5Hz band
and one in the theta band (Figures 7A     , 7B). PC3 was found to separate neurons exhibiting theta
band oscillations (Figures 7B     3), which were identified by negative coefficients (<-0.015). An
examination of the coefficients associated with PC3 yielded a distribution with three modes
(Figure 7C     ). The distribution of coefficients for PC3 differed for G1 vs G2 (Two-sample
Kolmogorov-Smirnov test, D=0.1354, p=1.27×10−08), where G1 was characterized by more negative
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Figure 5

Group differences in tracking of ival by single neurons.

For each neuron, a linear regression model was used to fit the z-scored mean spike count during the LP epoch across trials
with ival. A) Example of a neuron from G1. B) Example of a neuron from G1. In (A) and (B), model fit line is black, the
normalized ival line is dotted gray, the residuals on iLP trials are given by the red vertical lines. The sign of the residuals
relates to whether the fit line was below ival (negative residual) or above ival (positive residual). C) Summary of the mean of
the residuals on all iLP trials for G1 (black bars) and G2 (gray bars). Neurons had to have a mean spike count of at least 0.2
spikes/bin during the LP epoch of all trials and an r2 of 0.2 or greater to be included in (C). ** denotes p<0.001 based on post-
hoc multiple comparison testing (Tukey’s HSD).
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Figure 6

Theta power increases prior to delay choices when it is the preferred option.

Theta oscillations were examined prior to iLPs (A) and dLPs (B). Theta power was highest in G1 prior to a dLP when compared
with G2 or an iLP in G1. Stratifying theta power by ival revealed increases ∼10 sec following an iLP in G1 for low ivals (C).
Increases in theta power around a dLP were observed for mid and high ivals (D). While no effect of ival was observed for iLPs
(E) or dLPs (F) in G2. Data are presented at mean ± SEM. Red line denotes Tukey’s HSD, p < 0.05 G1 vs G2; Orange line
denotes Tukey’s HSD, p < 0.05 G1 dLPvs G2 dLP (A, B). Green line denotes Tukey’s HSD, p < 0.05, 0-2 vs 5-6 ival; purple line
denotes Tukey’s HSD, p < 0.05, ival 0-2 vs 3-4.
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coefficients and therefore more neurons exhibiting theta oscillations in spiking activity. These data
indicate that theta oscillations in firing were more pronounced in G1 and therefore this candidate
resistance-based signal is observable in both LFPs and spike trains.

Discussion

In the present study, the adjusting amount delayed-discounting task was used to search for neural
signals in ACC related to cognitive control. Sessions were divided 2 main groups, according to
whether the primary strategy involved ival-tracking or a dLP-bias. By simulating these two
strategies within an RL-model framework, it was possible to reproduce the choice patterns of both
groups, indicating that these strategies provided a sufficient description of the behavior on this
task. A neural signal related to ival-tracking was clearly observed in both groups. Evidence of a
dLP-bias signal could also be found at the single neuron and LFP level but only for the group
whose choice behavior was dominated by a dLP-biased strategy. These results provide insights into
how ACC networks encode cognitive effort in the service of cognitive control.

One way to define cognitive effort is in terms of the domain that is being taxed (e.g. attention,
memory, problem solving). However, it can also be defined in a more descriptive sense,
emphasizing the process rather than the domain. In this framework, a resourced-based form of
cognitive effort is utilized whenever a valuable but limited capacity resource, such as attention or
working memory, is used to solve a task1     ,3     ,4     . In contrast, a resistance-based form of
cognitive effort is used in order to overcome some type of internal ‘resistive force’, such as
unpleasantness or impatience2     ,5     .

Typically, a resistance-based form is most relevant to delay-discounting tasks as effort is needed in
order to wait out delays and resist the temptation of the immediate reward40     ,41     . However,
both types of cognitive effort are required for the adjusted amount delay-discounting task because
this task incorporates the dynamic variable ival, which increases with every dLP and decreases
with every iLP. A food-deprived rat seeks to maximize reward and avoid delays. By keeping track
of ival, it would know when the payout of the immediate lever was high enough to warrant a
switch from the delayed lever and therefore avoid the associated delays, without sacrificing pellet
yield. However, ival-tracking strongly taps a resourced-based form of cognitive effort since it
places a high demand on attention and mneumonic resources. Alternatively, a resistance-based
form of cognitive effort is needed if rats opt for a dLP-biased strategy because this forces them to
wait out all the delays associated with the delayed lever. Here we found that the dLP-biased
strategy predominated when the delays were short (4s), whereas ival-tracking predominated when
the delays were long (8s).

The modeling results suggested that a simulated RL agent could solve this task by simply tracking
ival, although the agent’s choice behavior varied greatly depending on how strongly ival
influenced choice. Consistent with model predictions, we found a strong neural signal within the
ACC that closely tracked ival and this signal also influenced choice to varying degrees in different
groups. This signal appeared to most strongly affect the choice behavior and the choice-related
neural activity of G2. In particular, neurons derived from this group appeared to relatively
undervalue iLPs when ival was low and relatively over-value iLPs when ival was high. An ival-
tracking signal was also prominent in G1 animals, but neurons seemed to uniformly under-value
iLPs regardless of ival. This is consistent with the RL modeling as a novel dLP bias term was
needed to accurately simulate the behavior pattern of G1. These signals map onto the two forms of
cognitive effort outlined above: The strong dLP bias of G1 would require the deployment of a
resistance-based form of cognitive effort to overcome the delay-to-reward associated with each
dLP, whereas G2 would need to rely more heavily on the deployment of the resourced-based form
of cognitive control in order to ensure that ival predominately influenced choice.
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Figure 7

Increase theta entrainment of spiking is observed in G1.

PCA was performed on the autocorrelations from the spike trains of each neuron and the amount of variance captured by
each PC is shown (A). The first three PCs are shown in (B), the black and gray traces on top show the mean autocorrelation
pattern captured by the positive and negative coefficients, respectively. The bottom panels show the spectrum of the mean
autocorrelation for positive and negative loaders for each PC. Neurons that oscillate in the theta band were separated via
negative coefficients on PC3 (B3). The distribution of coefficients for PC3 separated for G1 and G2. The three modes in the
distribution made it possible to quantify the negative loaders on PC3 as theta entrained and compare between G1 and G2 (C).
*** Kolmogorov-Smirnov test, p<0.0001.
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The present results are therefore consistent with theories highlighting a role of the ACC in
cognitive control1     ,10     ,42     ,43     . Cognitive control processes, mediated by the ACC, are thought
to dynamically regulate how much and what type of cognitive effort should be deployed based on
the expected value of the outcome, relative to the cost of implementing and maintaining the
cognitive effort. Indirect support for this theory comes from human imaging studies44      and
electrophysiology studies in primates45      and rodents46      showing that ACC neurons encode the
value of outcomes. ACC neurons potentially compute value by combining information about the
magnitude of a reward47      and the spatial or temporal distance to it48     ,49     .

There is also clear evidence for a role of the ACC in signaling effort. Lesions of the ACC make it less
likely that rodents will choose an option that requires greater effort, even if that effort yields a
higher reward 20     –22     ,50     . In addition, neurons within the rodent and primate ACC signal the
degree of physical effort, regardless of whether effort is defined in terms of the size of an obstacle,
the angle of a ramp to be traversed, or in terms of competitive effort17     ,45     ,51     –53     . Most of
these studies have found that ACC neurons encoded a multiplexed representation that combined
information about relative effort and the relative value of the reward. Hillman & Bilkey54     

referred to this multiplexed signal as representation of the overall net utility, which fits well with
the description of value in the theories of cognitive control mentioned above.

In the only study addressing the role of the rodent ACC in cognitive effort, ACC inactivation was
found to reduce the willingness of rats to expend cognitive effort as defined in terms of
visuospatial attention on a variant of the 5-choice serial reaction time task23     . Although no prior
study to our knowledge has explored the cellular correlates of cognitive effort, Holroyd and
colleagues25     ,28      investigated potential electrophysiological correlates in human EEG signals.
They built on findings suggesting that the ACC is a main generator of ‘frontal midline theta’ and
argued that this signal is related to the application of both physical and cognitive effort. They
postulated that when this signal is combined with a second reward-related signal (also believed to
be generated within the ACC), it creates a representation of expected value or net utility. Their
theory is supported by fMRI studies that have found that representations of anticipated effort and
prospective reward elicit overlapping patterns of activation in ACC19     ,55     .

We found that variations in theta exhibited characteristics that would be expected of a resistance-
based signal. Specifically, the fact that theta power was most robust in G1 and only observed prior
to delay choices fit the bill for a resistance-based control signal. In addition, theta entrainment of
neural activity was lowest in animals that used a resource-based control strategy (i.e. G2).
Collectively these data suggest that theta may provide a mechanism to implement a resistance-
based control strategy.

Cognitive control theories are by definition, cognitive in nature. However, it difficult to know
whether ACC neurons compute value or cost in a cognitive/economic sense or whether the ACC
simply tracks the internal reactions to the results of such computations performed elsewhere in
the brain. On one hand, the ACC is part of a cognitive control network that includes “cognitive”
regions such as the posterior parietal cortex and prefrontal cortex56     . On the other hand, it has
extensive, often bi-directional connections, with subcortical, brain stem and spinal cord regions
involved in tracking and modulating emotional state and autonomic tone14     –16     . Accordingly,
the main effects of ACC stimulation are changes in autonomic markers such as heart rate, blood
pressure and breathing16     ,57     . The integration of ACC signals in this array of brain regions
would likely require a mechanism to synchronize neural activity amongst them and theta
oscillations would be a good candidate. This may facilitate the integration of cognitive, emotional,
and autonomic signal across brain-wide circuits.

Prior work has implicated theta band synchrony in PFC with either the amygdala or the ventral
hippocampus during periods of stress and/or anxiety58     ,59     . Further, a reduction in synchrony
in theta between these regions corresponds to a loss of control over stress and
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anxiety58     ,60     ,61     . While it is difficult to equate 4 or 8 sec delays with an anxiety or stress
producing stimulus, it is clear that the animals do not like it as they will avoid waiting for the delay
when possible. Our data suggest that theta synchrony may be mechanism to mitigate the
unpleasantness of the delay and therefore a good candidate of a resistance-based control signal.

One problem in determining whether recorded signals are cognitive or affective in nature, is that
laboratory tasks, including the adjusted-reward delay-discounting task, use biologically relevant
events as both a source of information and motivation. For instance, consider the observation that
ACC ensembles robustly tracked ival across multiple epochs. By tracking this variable, rats could in
theory create a relative value representation of both levers, informing them about when the
expected payout of the immediate lever was high and therefore when it was advantageous to
switch to this lever. However, ival was also a proxy of the recent reward history. Therefore, the
ival-tracking signal could simply reflect the emotional or autonomic response to the ongoing tally
of relative wins and losses. In terms of this question, it is worth noting that the ival-tracking signal
appeared to only guide lever choices in G2 but not G1 (Figure 1     ), even though it was equally
robust in all groups. This suggests that the ACC may always track expected value signals,
regardless of whether they are used to guide decision-making or not.

Cognitive effort is costly because it is inherently aversive4     . It has been argued that the cost of
cognitive effort is ‘felt’ at a physiological level through changes in emotion and autonomic
tone2     ,4     ,12     ,13     . Therefore, ACC may assess the cost of cognitive effort in the same way it
calculates the value of an expected outcome, which is indirectly via changes in autonomic tone.
We would argue that this is generally the case, in that the primarily function of the ACC is likely to
monitor and regulate autonomic tone16     , but when these signals are transmitted to downstream
regions, perhaps via theta oscillations, they serve as important cues that guide cognitive control
and decision-making.
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Figure S1

Modeling approaches for G2. A) α=0.2, ε.-greedy=0.8, no dbias. B) α=0.5, ε.-greedy=0.5, no dbias. C) α=0.97, ε.-greedy=0.4,
uniform dbias=1. D) α=0.2, ε.-greedy=0.8, uniform dbias=0.5. In each subpanel, the state frequency distribution (top) and
choice distribution with respect to ival (bottom) are plotted as in Figure 2     .
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Reviewer #1 (Public Review):

Summary:

Young (2.5 mo [adolescent]) rats were tasked to either press one lever for immediate reward
or another for delayed reward. The task had a complex structure in which (1) the number of
pellets provided on the immediate reward lever changed as a function of the decisions made,
(2) rats were prevented from pressing the same lever three times in a row. Importantly, this
task is very different from most intertemporal choice tasks which adjust delay (to the delayed
lever), whereas this task held the delay constant and adjusted the number of 20 mg sucrose
pellets provided on the immediate value lever.

Analyses are based on separating sessions into groups, but group membership includes
arbitrary requirements and many sessions have been dropped from the analyses.
Computational modeling is based on an overly simple reinforcement learning model, as
evidenced by fit parameters pegging to the extremes. The neural analysis is overly complex
and does not contain the necessary statistics to assess the validity of their claims.

Strengthes:

The task is interesting.

Weaknesses:

Behavior:

The basic behavioral results from this task are not presented. For example, "each recording
session consisted of 40 choice trials or 45 minutes". What was the distribution of choices over
sessions? Did that change between rats? Did that change between delays? Were there any
sequence effects? (I recommend looking at reaction times.) Were there any effects of pressing
a lever twice vs after a forced trial? This task has a very complicated sequential structure that
I think I would be hard pressed to follow if I were performing this task. Before diving into the
complex analyses assuming reinforcement learning paradigms or cognitive control, I would
have liked to have understood the basic behaviors the rats were taking. For example, what
was the typical rate of lever pressing? If the rats are pressing 40 times in 45 minutes, does
waiting 8s make a large difference?

For that matter, the reaction time from lever appearance to lever pressing would be very
interesting (and important). Are they making a choice as soon as the levers appear? Are they
leaning towards the delay side, but then give in and choose the immediate lever? What are
the reaction time hazard distributions?

It is not clear that the animals on this task were actually using cognitive control strategies on
this task. One cannot assume from the task that cognitive control is key. The authors only
consider a very limited number of potential behaviors (an overly simple RL model). On this
task, there are a lot of potential behavioral strategies: "win-stay/lose-shift", "perseveration",
"alternation", even "random choices" should be considered.

The delay lever was assigned to the "non-preferred side". How did side bias affect the
decisions made?

The analyses based on "group" are unjustified. The authors compare the proportion of
delayed to immediate lever press choices on the non-forced trials and then did k-means
clustering on this distribution. But the distribution itself was not shown, so it is unclear

https://doi.org/10.7554/eLife.99930.1
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whether the "groups" were actually different. They used k=3, but do not describe how this
arbitrary number was chosen. (Is 3 the optimal number of clusters to describe this
distribution?) Moreover, they removed three group 1 sessions with an 8s delay and two group
2 sessions with a 4s delay, making all the group 1 sessions 4s delay sessions and all group 2
sessions 8s delay sessions. They then ignore group 3 completely. These analyses seem
arbitrary and unnecessarily complex. I think they need to analyze the data by delay. (How do
rats handle 4s delay sessions? How do rats handle 6s delay sessions? How do rats handle 8s
delay sessions?). If they decide to analyze the data by strategy, then they should identify
specific strategies, model those strategies, and do model comparison to identify the best
explanatory strategy. Importantly, the groups were session-based, not rat based, suggesting
that rats used different strategies based on the delay to the delayed lever.

The reinforcement learning model used was overly simple. In particular, the RL model
assumes that the subjects understand the task structure, but we know that even humans have
trouble following complex task structures. Moreover, we know that rodent decision-making
depends on much more complex strategies (model-based decisions, multi-state decisions,
rate-based decisions, etc). There are lots of other ways to encode these decision variables,
such as softmax with an inverse temperature rather than epsilon-greedy. The RL model was
stated as a given and not justified. As one critical example, the RL model fit to the data
assumed a constant exponential discounting function, but it is well-established that all
animals, including rodents, use hyperbolic discounting in intertemporal choice tasks.
Presumably this changes dramatically the effect of 4s and 8s. As evidence that the RL model is
incomplete, the parameters found for the two groups were extreme. (Alpha=1 implies no
history and only reacting to the most recent event. Epsilon=0.4 in an epsilon-greedy algorithm
is a 40% chance of responding randomly.)

The authors do add a "dbias" (which is a preference for the delayed lever) term to the RL
model, but note that it has to be maximal in the 4s condition to reproduce group 2 behavior,
which means they are not doing reinforcement learning anymore, just choosing the delayed
lever.

Neurophysiology:

The neurophysiology figures are unclear and mostly uninterpretable; they do not show
variability, statistics or conclusive results.

As with the behavior, I would have liked to have seen more traditional neurophysiological
analyses first. What do the cells respond to? How do the manifolds change aligned to the
lever presses? Are those different between lever presses? Are there changes in cellular
information (both at the individual and ensemble level) over time in the session? How do
cellular responses differ during that delay while both levers are out, but the rats are not
choosing the immediate lever?

Figure 3, for example, claims that some of the principal components tracked the number of
pellets on the immediate lever ("ival"), but they are just two curves. No statistics, controls, or
justification for this is shown. BTW, on Figure 3, what is the event at 200s?

I'm confused. On Figure 4, the number of trials seems to go up to 50, but in the methods, they
say that rats received 40 trials or 45 minutes of experience.

At the end of page 14, the authors state that the strength of the correlation did not differ by
group and that this was "predicted" by the RL modeling, but this statement is nonsensical,
given that the RL modeling did not fit the data well, depended on extreme values. Moreover,
this claim is dependent on "not statistically detectable", which is, of course, not interpretable
as "not different".
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There is an interesting result on page 16 that the increases in theta power were observed
before a delayed lever press but not an immediate lever press, and then that the theta power
declined after an immediate lever press. These data are separated by session group (again
group 1 is a subset of the 4s sessions, group 2 is a subset of the 8s sessions, and group 3 is
ignored). I would much rather see these data analyzed by delay itself or by some sort of
strategy fit across delays. That being said, I don't see how this description shows up in Figure
6. What does Figure 6 look like if you just separate the sessions by delay?

Discussion:

Finally, it is unclear to what extent this task actually gets at the questions originally laid out in
the goals and returned to in the discussion. The idea of cognitive effort is interesting, but
there is no data presented that this task is cognitive at all. The idea of a resourced cognitive
effort and a resistance cognitive effort is interesting, but presumably the way one overcomes
resistance is through resource-limited components, so it is unclear that these two cognitive
effort strategies are different.

The authors state that "ival-tracking" (neurons and ensembles that presumably track the
number of pellets being delivered on the immediate lever - a fancy name for "expectations")
"taps into a resourced-based form of cognitive effort", but no evidence is actually provided
that keeping track of the expectation of reward on the immediate lever depends on attention
or mnemonic resources. They also state that a "dLP-biased strategy" (waiting out the delay) is
a "resistance-based form of cognitive effort" but no evidence is made that going to the
delayed side takes effort.

The authors talk about theta synchrony, but never actually measure theta synchrony,
particularly across structures such as amygdala or ventral hippocampus. The authors try to
connect this to "the unpleasantness of the delay", but provide no measures of pleasantness or
unpleasantness. They have no evidence that waiting out an 8s delay is unpleasant.

The authors hypothesize that the "ival-tracking signal" (the expectation of number of pellets
on the immediate lever) "could simply reflect the emotional or autonomic response". Aside
from the fact that no evidence for this is provided, if this were to be true, then, in what sense
would any of these signals be related to cognitive control?

https://doi.org/10.7554/eLife.99930.1.sa3

Reviewer #2 (Public Review):

Summary:

This manuscript explores the neuronal signals that underlie resistance vs resource-based
models of cognitive effort. The authors use a delayed discounting task and computational
models to explore these ideas. The authors find that the ACC strongly tracks value and time,
which is consistent with prior work. Novel contributions include quantification of a resource-
based control signal among ACC ensembles, and linking ACC theta oscillations to a resistance-
based strategy.

Strengths:

The experiments and analyses are well done and have the potential to generate an elegant
explanatory framework for ACC neuronal activity. The inclusion of local-field potential /
spike-field analyses is particularly important because these can be measured in humans.

Weaknesses:

https://doi.org/10.7554/eLife.99930.1
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I had questions that might help me understand the task and details of neuronal analyses.

(1) The abstract, discussion, and introduction set up an opposition between resource and
resistance-based forms of cognitive effort. It's clear that the authors find evidence for each
(ACC ensembles = resource, theta=resistance?) but I'm not sure where the data fall on this
dichotomy.
a. An overall very simple schematic early in the paper (prior to the MCML model? or even the
behavior) may help illustrate the main point.
b. In the intro, results, and discussion, it may help to relate each point to this dichotomy.
c. What would resource-based signals look like? What would resistance based signals look
like? Is the main point that resistance-based strategies dominate when delays are short, but
resource-based strategies dominate when delays are long?
d. I wonder if these strategies can be illustrated? Could these two measures (dLP vs ival
tracking) be plotted on separate axes or extremes, and behavior, neuronal data, LFP, and
spectral relationships be shown on these axes? I think Figure 2 is working towards this. Could
these be shown for each delay length? This way, as the evidence from behavior, model, single
neurons, ensembles, and theta is presented, it can be related to this framework, and the
reader can organize the findings.

(2) The task is not clear to me.
a. I wonder if a task schematic and a flow chart of training would help readers.
b. This task appears to be relatively new. Has it been used before in rats (Oberlin and
Grahame is a mouse study)? Some history / context might help orient readers.
c. How many total sessions were completed with ascending delays? Was there criteria for
surgeries? How many total recording sessions per animal (of the 54?)
d. How many trials completed per session (40 trials OR 45 minutes)? Where are there errors?
These details are important for interpreting Figure 1.

(3) Figure 1 is unclear to me.
a. Delayed vs immediate lever presses are being plotted - but I am not sure what is red, and
what is blue. I might suggest plotting each animal.
b. How many animals and sessions go into each data point?
c. Table 1 (which might be better referenced in the paper) refers to rats by session. Is it true
that some rats (2 and 8) were not analyzed for the bulk of the paper? Some rats appear to
switch strategies, and some stay in one strategy. How many neurons come from each rat?
d. Task basics - RT, choice, accuracy, video stills - might help readers understand what is going
into these plots
e. Does the animal move differently (i.e., RTs) in G1 vs. G2?

(4) I wasn't sure how clustered G1 vs. G2 vs G3 are. To make this argument, the raw data (or
some axis of it) might help.
a. This is particularly important because G3 appears to be a mix of G1 and G2, although upon
inspection, I'm not sure how different they really are
b. Was there some objective clustering criteria that defined the clusters?
c. Why discuss G3 at all? Can these sessions be removed from analysis?

(5) The same applies to neuronal analyses in Fig 3 and 4
a. What does a single neuron peri-event raster look like? I would include several of these.
b. What does PC1, 2 and 3 look like for G1, G2, and G3?
c. Certain PCs are selected, but I'm not sure how they were selected - was there a criteria
used? How was the correlation between PCA and ival selected? What about PCs that don't
correlate with ival?
d. If the authors are using PCA, then scree plots and PETHs might be useful, as well as
comparisons to PCs from time-shuffled / randomized data.
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(6) I had questions about the spectral analysis
a. Theta has many definitions - why did the authors use 6-12 Hz? Does it come from the
hippocampal literature, and is this the best definition of theta?. What about other bands
(delta - 1-4 Hz), theta (4-7 Hz); and beta - 13- 30 Hz? These bands are of particular importance
because they have been associated with errors, dopamine, and are abnormal in
schizophrenia and Parkinson's disease.
b. Power spectra and time-frequency analyses may justify the authors focus. I would show
these (y-axis - frequency, x-axis - time, z-axis, power).

(7) PC3 as an autocorrelation doesn't seem the to be right way to infer theta entrainment or
spike-field relationships, as PCA can be vulnerable to phantom oscillations, and coherence
can be transient. It is also difficult to compare to traditional measures of phase-locking. Why
not simply use spike-field coherence? This is particularly important with reference to the
human literature, which the authors invoke.

https://doi.org/10.7554/eLife.99930.1.sa2

Reviewer #3 (Public Review):

Summary:

The study investigated decision making in rats choosing between small immediate rewards
and larger delayed rewards, in a task design where the size of the immediate rewards
decreased when this option was chosen and increased when it was not chosen. The authors
conceptualise this task as involving two different types of cognitive effort; 'resistance-based'
effort putatively needed to resist the smaller immediate reward, and 'resource-based' effort
needed to track the changing value of the immediate reward option. They argue based on
analyses of the behaviour, and computational modelling, that rats use different strategies in
different sessions, with one strategy in which they consistently choose the delayed reward
option irrespective of the current immediate reward size, and another strategy in which they
preferentially choose the immediate reward option when the immediate reward size is large,
and the delayed reward option when the immediate reward size is small. The authors
recorded neural activity in anterior cingulate cortex (ACC) and argue that ACC neurons track
the value of the immediate reward option irrespective of the strategy the rats are using. They
further argue that the strategy the rats are using modulates their estimated value of the
immediate reward option, and that oscillatory activity in the 6-12Hz theta band occurs when
subjects use the 'resistance-based' strategy of choosing the delayed option irrespective of the
current value of the immediate reward option. If solid, these findings will be of interest to
researchers working on cognitive control and ACCs involvement in decision making.
However, there are some issues with the experiment design, reporting, modelling and
analysis which currently preclude high confidence in the validity of the conclusions.

Strengths:

The behavioural task used is interesting and the recording methods should enable the
collection of good quality single unit and LFP electrophysiology data. The authors recorded
from a sizable sample of subjects for this type of study. The approach of splitting the data into
sessions where subjects used different strategies and then examining the neural correlates of
each is in principle interesting, though I have some reservations about the strength of
evidence for the existence of multiple strategies.

Weaknesses:

The dataset is very unbalanced in terms of both the number of sessions contributed by each
subject, and their distribution across the different putative behavioural strategies (see table
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1), with some subjects contributing 9 or 10 sessions and others only one session, and it is not
clear from the text why this is the case. Further, only 3 subjects contribute any sessions to one
of the behavioural strategies, while 7 contribute data to the other such that apparent
differences in brain activity between the two strategies could in fact reflect differences
between subjects, which could arise due to e.g. differences in electrode placement. To firm up
the conclusion that neural activity is different in sessions where different strategies are
thought to be employed, it would be important to account for potential cross-subject variation
in the data. The current statistical methods don't do this as they all assume fixed effects (e.g.
using trials or neurons as the experimental unit and ignoring which subject the neuron/trial
came from).

It is not obvious that the differences in behaviour between the sessions characterised as using
the 'G1' and 'G2' strategies actually imply the use of different strategies, because the
behavioural task was different in these sessions, with a shorter wait (4 seconds vs 8 seconds)
for the delayed reward in the G1 strategy sessions where the subjects consistently preferred
the delayed reward irrespective of the current immediate reward size. Therefore the
differences in behaviour could be driven by difference in the task (i.e. external world) rather
than a difference in strategy (internal to the subject). It seems plausible that the higher value
of the delayed reward option when the delay is shorter could account for the high probability
of choosing this option irrespective of the current value of the immediate reward option,
without appealing to the subjects using a different strategy.

Further, even if the differences in behaviour do reflect different behavioural strategies, it is
not obvious that these correspond to allocation of different types of cognitive effort. For
example, subjects' failure to modify their choice probabilities to track the changing value of
the immediate reward option might be due simply to valuing the delayed reward option
higher, rather than not allocating cognitive effort to tracking immediate option value (indeed
this is suggested by the neural data). Conversely, if the rats assign higher value to the delayed
reward option in the G1 sessions, it is not obvious that choosing it requires overcoming
'resistance' through cognitive effort.

The RL modelling used to characterise the subject's behavioural strategies made some
unusual and arguably implausible assumptions:

i) The goal of the agent was to maximise the value of the immediate reward option (ival),
rather than the standard assumption in RL modelling that the goal is to maximise long-run
(e.g. temporally discounted) reward. It is not obvious why the rats should be expected to care
about maximising the value of only one of their two choice options rather than distributing
their choices to try and maximise long run reward.

ii) The modelling assumed that the subject's choice could occur in 7 different states, defined
by the history of their recent choices, such that every successive choice was made in a
different state from the previous choice. This is a highly unusual assumption (most modelling
of 2AFC tasks assumes all choices occur in the same state), as it causes learning on one trial
not to generalise to the next trial, but only to other future trials where the recent choice
history is the same.

iii) The value update was non-standard in that rather than using the trial outcome (i.e. the
amount of reward obtained) as the update target, it instead appeared to use some function of
the value of the immediate reward option (it was not clear to me from the methods exactly
how the fival and fqmax terms in the equation are calculated) irrespective of whether the
immediate reward option was actually chosen.

iv) The model used an e-greedy decision rule such that the probability of choosing the highest
value option did not depend on the magnitude of the value difference between the two
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options. Typically, behavioural modelling uses a softmax decision rule to capture a graded
relationship between choice probability and value difference.

v) Unlike typical RL modelling where the learned value differences drive changes in subjects'
choice preferences from trial to trial, to capture sensitivity to the value of the immediately
rewarding option the authors had to add in a bias term which depended directly on this
value (not mediated by any trial-to-trial learning). It is not clear how the rat is supposed to
know the current trial ival if not by learning over previous trials, nor what purpose the
learning component of the model serves if not to track the value of the immediate reward
option.

Given the task design, a more standard modelling approach would be to treat each choice as
occurring in the same state, with the (temporally discounted) value of the outcomes obtained
on each trial updating the value of the chosen option, and choice probabilities driven in a
graded way (e.g. softmax) by the estimated value difference between the options. It would be
useful to explicitly perform model comparison (e.g. using cross-validated log-likelihood with
fitted parameters) of the authors proposed model against more standard modelling
approaches to test whether their assumptions are justified. It would also be useful to use
logistic regression to evaluate how the history of choices and outcomes on recent trials affects
the current trial choice, and compare these granular aspects of the choice data with
simulated data from the model.

There were also some issues with the analyses of neural data which preclude strong
confidence in their conclusions:

Figure 4I makes the striking claim that ACC neurons track the value of the immediately
rewarding option equally accurately in sessions where two putative behavioural strategies
were used, despite the behaviour being insensitive to this variable in the G1 strategy sessions.
The analysis quantifies the strength of correlation between a component of the activity
extracted using a decoding analysis and the value of the immediate reward option. However,
as far as I could see this analysis was not done in a cross-validated manner (i.e. evaluating the
correlation strength on test data that was not used for either training the MCML model or
selecting which component to use for the correlation). As such, the chance level correlation
will certainly be greater than 0, and it is not clear whether the observed correlations are
greater than expected by chance.

An additional caveat with the claim that ACC is tracking the value of the immediate reward
option is that this value likely correlates with other behavioural variables, notably the
current choice and recent choice history, that may be encoded in ACC. Encoding analyses (e.g.
using linear regression to predict neural activity from behavioural variables) could allow
quantification of the variance in ACC activity uniquely explained by option values after
controlling for possible influence of other variables such as choice history (e.g. using a
coefficient of partial determination).

Figure 5 argues that there are systematic differences in how ACC neurons represent the value
of the immediate option (ival) in the G1 and G2 strategy sessions. This is interesting if true,
but it appears possible that the effect is an artefact of the different distribution of option
values between the two session types. Specifically, due to the way that ival is updated based
on the subjects' choices, in G1 sessions where the subjects are mostly choosing the delayed
option, ival will on average be higher than in G2 sessions where they are choosing the
immediate option more often. The relative number of high, medium and low ival trials in the
G1 and G2 sessions will therefore be different, which could drive systematic differences in
the regression fit in the absence of real differences in the activity-value relationship. I have
created an ipython notebook illustrating this, available at: https://notebooksharing.space/view
/a3c4504aebe7ad3f075aafaabaf93102f2a28f8c189ab9176d4807cf1565f4e3. To verify that this
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is not driving the effect it would be important to balance the number of trials at each ival
level across sessions (e.g. by subsampling trials) before running the regression.

https://doi.org/10.7554/eLife.99930.1.sa1

Author response:

eLife assessment

The authors present a potentially useful approach of broad interest arguing that
anterior cingulate cortex (ACC) tracks option values in decisions involving delayed
rewards. The authors introduce the idea of a resource-based cognitive effort signal in
ACC ensembles and link ACC theta oscillations to a resistance-based strategy. The
evidence supporting these new ideas is incomplete and would benefit from additional
detail and more rigorous analyses and computational methods.

The reviewers have provided several excellent suggestions and pointed out important
shortcomings of our manuscript. We are grateful for their efforts. To address these concerns,
we are planning a major revision to the manuscript. In the revision, our goal is to address
each of the reviewer’s concerns and codify the evidence for resistance- and resource-based
control signals in the rat anterior cingulate cortex. We have provided a nonexhaustive list we
plan to address in the point by point responses below.

Public Reviews:

Reviewer #1 (Public Review):

Summary:

Young (2.5 mo [adolescent]) rats were tasked to either press one lever for immediate
reward or another for delayed reward.

Please note that at the time of testing and training that the rats were > 4 months old.

The task had a complex structure in which (1) the number of pellets provided on the
immediate reward lever changed as a function of the decisions made, (2) rats were
prevented from pressing the same lever three times in a row. Importantly, this task is
very different from most intertemporal choice tasks which adjust delay (to the delayed
lever), whereas this task held the delay constant and adjusted the number of 20 mg
sucrose pellets provided on the immediate value lever.

Several studies parametrically vary the immediate lever (PMID: 39119916, 31654652,
28000083, 26779747, 12270518, 19389183). While most versions of the task will yield
qualitatively similar estimates of discounting, the adjusting amount is preferred as it
provides the most consistent estimates (PMID: 22445576). More specifically this version of the
task avoids contrast effects of that result from changing the delay during the session (PMID:
23963529, 24780379, 19730365, 35661751) which complicates value estimates.

Analyses are based on separating sessions into groups, but group membership includes
arbitrary requirements and many sessions have been dropped from the analyses.

We are in discussions about how to address this valid concern. This includes simply splitting
the data by delay. This approach, however, has conceptual problems that we will also lay out
in a full revision.
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Computational modeling is based on an overly simple reinforcement learning model, as
evidenced by fit parameters pegging to the extremes.

We apologize for not doing a better job of explaining the advantages of this type of model for
the present purposes. Nevertheless, given the clear lack of enthusiasm, we felt it was better to
simply update the model as suggested by the Reviewers. The straightforward modifications
have now been implemented and we are currently in discussion about how the new results
fit into the larger narrative.

The neural analysis is overly complex and does not contain the necessary statistics to
assess the validity of their claims.

We plan to streamline the existing analysis and add statistics, where required, to address this
concern.

Strengths:

The task is interesting.

Thank you for the positive comment

Weaknesses:

Behavior:

The basic behavioral results from this task are not presented. For example, "each
recording session consisted of 40 choice trials or 45 minutes". What was the distribution
of choices over sessions? Did that change between rats? Did that change between delays?
Were there any sequence effects? (I recommend looking at reaction times.) Were there
any effects of pressing a lever twice vs after a forced trial?

Animals tend to make more immediate choices as the delay is extended, which is reflected in
Figure 1. We will add more detail and additional statistics to address these questions.

This task has a very complicated sequential structure that I think I would be hard pressed
to follow if I were performing this task.

Human tasks implement a similar task structure (PMID: 26779747). Please note the response
above that outlines the benefits of using of this task.

Before diving into the complex analyses assuming reinforcement learning paradigms or
cognitive control, I would have liked to have understood the basic behaviors the rats
were taking. For example, what was the typical rate of lever pressing? If the rats are
pressing 40 times in 45 minutes, does waiting 8s make a large difference?

This is a good suggestion. However, rats do not like waiting for rewards, even small delays.
Going from the 4 à 8 sec delay results in more immediate choices, indicating that the rats will
forgo waiting for a smaller reinforcer at the 8 sec delay as compared to the 4 sec.

For that matter, the reaction time from lever appearance to lever pressing would be very
interesting (and important). Are they making a choice as soon as the levers appear? Are
they leaning towards the delay side, but then give in and choose the immediate lever?
What are the reaction time hazard distributions?
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These are excellent suggestions. We are looking into implementing them.

It is not clear that the animals on this task were actually using cognitive control
strategies on this task. One cannot assume from the task that cognitive control is key.
The authors only consider a very limited number of potential behaviors (an overly simple
RL model). On this task, there are a lot of potential behavioral strategies: "win-stay/lose-
shift", "perseveration", "alternation", even "random choices" should be considered.

The strategies the Reviewer mentioned are descriptors of the actual choices the rats made.
For example, perseveration means the rat is choosing one of the levers at an excessively high
rate whereas alternation means it is choosing the two levers more or less equally,
independent of payouts. But the question we are interested in is why? We are arguing that
the type of cognitive control determines the choice behavior but cognitive control is an
internal variable that guides behavior, rather than simply a descriptor of the behavior. For
example, the animal opts to perseverate on the delayed lever because the cognitive control
required to track ival is too high. We then searched the neural data for signatures of the two
types of cognitive control.

The delay lever was assigned to the "non-preferred side". How did side bias affect the
decisions made?

The side bias clearly does not impact performance as the animals prefer the delay lever at
shorter delays, which works against this bias.

The analyses based on "group" are unjustified. The authors compare the proportion of
delayed to immediate lever press choices on the non-forced trials and then did k-means
clustering on this distribution. But the distribution itself was not shown, so it is unclear
whether the "groups" were actually different. They used k=3, but do not describe how this
arbitrary number was chosen. (Is 3 the optimal number of clusters to describe this
distribution?) Moreover, they removed three group 1 sessions with an 8s delay and two
group 2 sessions with a 4s delay, making all the group 1 sessions 4s delay sessions and
all group 2 sessions 8s delay sessions. They then ignore group 3 completely. These
analyses seem arbitrary and unnecessarily complex. I think they need to analyze the data
by delay. (How do rats handle 4s delay sessions? How do rats handle 6s delay sessions?
How do rats handle 8s delay sessions?). If they decide to analyze the data by strategy,
then they should identify specific strategies, model those strategies, and do model
comparison to identify the best explanatory strategy. Importantly, the groups were
session-based, not rat based, suggesting that rats used different strategies based on the
delay to the delayed lever.

These are excellent points and, as stated above, we are in the process revisiting the group
assignments in an effort allay these criticisms.

The reinforcement learning model used was overly simple. In particular, the RL model
assumes that the subjects understand the task structure, but we know that even humans
have trouble following complex task structures. Moreover, we know that rodent decision-
making depends on much more complex strategies (model-based decisions, multi-state
decisions, rate-based decisions, etc). There are lots of other ways to encode these
decision variables, such as softmax with an inverse temperature rather than epsilon-
greedy. The RL model was stated as a given and not justified. As one critical example, the
RL model fit to the data assumed a constant exponential discounting function, but it is
well-established that all animals, including rodents, use hyperbolic discounting in
intertemporal choice tasks. Presumably this changes dramatically the effect of 4s and 8s.
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As evidence that the RL model is incomplete, the parameters found for the two groups
were extreme. (Alpha=1 implies no history and only reacting to the most recent event.
Epsilon=0.4 in an epsilon-greedy algorithm is a 40% chance of responding randomly.)

Please see our response above. We agree that the approach was not justified, but we do not
agree that it is invalid. Simply stated, a softmax approach gives the best fit to the choice
behavior, whereas our epsilon-greedy approach attempted to reproduce the choice behavior
using a naïve agent that progressively learns the values of the two levers on a choice-by-
choice basis. The epsilon-greedy approach can therefore tell us whether it is possible to
reproduce the choice behavior by an agent that is only tracking ival. Given our discovery of
an ival-tracking signal in ACC, we believed that this was a critical point (although admittedly
we did a poor job of communicating it). However, we also appreciate that important insights
can be gained by fitting a model to the data as suggested. In fact, we had implemented this
approach initially and are currently reconsidering what it can tell us in light of the Reviewers
comments.

The authors do add a "dbias" (which is a preference for the delayed lever) term to the RL
model, but note that it has to be maximal in the 4s condition to reproduce group 2
behavior, which means they are not doing reinforcement learning anymore, just
choosing the delayed lever.

Exactly. The model results indicated that a naïve agent that relied only on ival tracking would
not behave in this manner. Hence it therefore was unlikely that the G1 animals were using an
ival-tracking strategy, even though a strong ival-tracking signal was present in ACC.

Neurophysiology:

The neurophysiology figures are unclear and mostly uninterpretable; they do not show
variability, statistics or conclusive results.

While the reviewer is justified in criticizing the clarity of the figures, the statement that “they
do not show variability, statistics or conclusive results” is demonstrably false. Each of the
figures presented in the manuscript, except Figure 3, are accompanied by statistics and
measures of variability. This comment is hyperbolic and not justified.

Figure 3 was an attempt to show raw neural data to better demonstrate how robust the ivalue
tracking signal is.

As with the behavior, I would have liked to have seen more traditional neurophysiological
analyses first. What do the cells respond to? How do the manifolds change aligned to the
lever presses? Are those different between lever presses?

We provide several figures describing how neurons change firing rates in response to varying
reward. We are unsure what the reviewer means by “traditional analysis”, especially since
this is immediately followed by a request for an assessment of neural manifolds. That said,
we are developing ways to make the analysis more intuitive and, hopefully, more
“traditional”.

Are there changes in cellular information (both at the individual and ensemble level) over
time in the session?

We provide several analyses of how firing rate changes over trials in relation to ival over
time in the session.
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How do cellular responses differ during that delay while both levers are out, but the rats
are not choosing the immediate lever?

It is not clear to us how this analysis addresses our hypothesis regarding control signals in
ACC.

Figure 3, for example, claims that some of the principal components tracked the number
of pellets on the immediate lever ("ival"), but they are just two curves. No statistics,
controls, or justification for this is shown. BTW, on Figure 3, what is the event at 200s?

Figure 3 will be folded into one of the other figures that contains the summary statistics.

I'm confused. On Figure 4, the number of trials seems to go up to 50, but in the methods,
they say that rats received 40 trials or 45 minutes of experience.

This analysis included force trials. The max of the session is 40 choice trials. We will clarify in
the revised manuscript.

At the end of page 14, the authors state that the strength of the correlation did not differ
by group and that this was "predicted" by the RL modeling, but this statement is
nonsensical, given that the RL modeling did not fit the data well, depended on extreme
values. Moreover, this claim is dependent on "not statistically detectable", which is, of
course, not interpretable as "not different".

We plan to revisit this analysis and the RL model.

There is an interesting result on page 16 that the increases in theta power were observed
before a delayed lever press but not an immediate lever press, and then that the theta
power declined after an immediate lever press.

Thank you for the positive comment.

These data are separated by session group (again group 1 is a subset of the 4s sessions,
group 2 is a subset of the 8s sessions, and group 3 is ignored). I would much rather see
these data analyzed by delay itself or by some sort of strategy fit across delays.

Provisional analysis indicates that the results hold up over delays, rather than the groupings
in the paper. We will address this in a full revision of the manuscript.

That being said, I don't see how this description shows up in Figure 6. What does Figure 6
look like if you just separate the sessions by delay?

We are unclear what the reviewer means by “this description”.

Discussion:

Finally, it is unclear to what extent this task actually gets at the questions originally laid
out in the goals and returned to in the discussion. The idea of cognitive effort is
interesting, but there is no data presented that this task is cognitive at all. The idea of a
resourced cognitive effort and a resistance cognitive effort is interesting, but presumably
the way one overcomes resistance is through resource-limited components, so it is
unclear that these two cognitive effort strategies are different.
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We view the strong evidence for ival tracking presented herein as a potentially critical
component of resource based cognitive effort. We hope to clarify how this task engaged
cognitive effort more clearly.

The authors state that "ival-tracking" (neurons and ensembles that presumably track the
number of pellets being delivered on the immediate lever - a fancy name for
"expectations") "taps into a resourced-based form of cognitive effort", but no evidence is
actually provided that keeping track of the expectation of reward on the immediate lever
depends on attention or mnemonic resources. They also state that a "dLP-biased
strategy" (waiting out the delay) is a "resistance-based form of cognitive effort" but no
evidence is made that going to the delayed side takes effort.

There is a well-developed literature that rats and mice do not like waiting for delayed
reinforcers. We contend that enduring something you don’t like takes effort.

The authors talk about theta synchrony, but never actually measure theta synchrony,
particularly across structures such as amygdala or ventral hippocampus. The authors try
to connect this to "the unpleasantness of the delay", but provide no measures of
pleasantness or unpleasantness. They have no evidence that waiting out an 8s delay is
unpleasant.

We will better clarify how our measure of Theta power relates to synchrony. There is a well-
developed literature that rats and mice do not like waiting for delayed reinforcers.

The authors hypothesize that the "ival-tracking signal" (the expectation of number of
pellets on the immediate lever) "could simply reflect the emotional or autonomic
response". Aside from the fact that no evidence for this is provided, if this were to be true,
then, in what sense would any of these signals be related to cognitive control?

This is proposed as an alternative explanation to the ivalue signal. We provide this as a
possibility, never a conclusion. We will clarify this in the revised text.

Reviewer #2 (Public Review):

Summary:

This manuscript explores the neuronal signals that underlie resistance vs resource-based
models of cognitive effort. The authors use a delayed discounting task and
computational models to explore these ideas. The authors find that the ACC strongly
tracks value and time, which is consistent with prior work. Novel contributions include
quantification of a resource-based control signal among ACC ensembles, and linking ACC
theta oscillations to a resistance-based strategy.

Strengths:

The experiments and analyses are well done and have the potential to generate an
elegant explanatory framework for ACC neuronal activity. The inclusion of local-field
potential / spike-field analyses is particularly important because these can be measured
in humans.

Thank you for the endorsement of our work.

Weaknesses:
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I had questions that might help me understand the task and details of neuronal
analyses.

(1) The abstract, discussion, and introduction set up an opposition between resource and
resistance based forms of cognitive effort. It's clear that the authors find evidence for
each (ACC ensembles = resource, theta=resistance?) but I'm not sure where the data fall
on this dichotomy.

a. An overall very simple schematic early in the paper (prior to the MCML model? or even
the behavior) may help illustrate the main point.

b. In the intro, results, and discussion, it may help to relate each point to this dichotomy.

c. What would resource-based signals look like? What would resistance based signals
look like? Is the main point that resistance-based strategies dominate when delays are
short, but resource-based strategies dominate when delays are long?

d. I wonder if these strategies can be illustrated? Could these two measures (dLP vs ival
tracking) be plotted on separate axes or extremes, and behavior, neuronal data, LFP, and
spectral relationships be shown on these axes? I think Figure 2 is working towards this.
Could these be shown for each delay length? This way, as the evidence from behavior,
model, single neurons, ensembles, and theta is presented, it can be related to this
framework, and the reader can organize the findings.

These are excellent suggestions, and we intend to implement each of them, where possible.

(2) The task is not clear to me.

a. I wonder if a task schematic and a flow chart of training would help readers.

Yes, excellent idea, we intend to include this.

b. This task appears to be relatively new. Has it been used before in rats (Oberlin and
Grahame is a mouse study)? Some history / context might help orient readers.

Indeed, this task has been used in rats in several prior studies in rats. Please see the following
references (PMID: 39119916, 31654652, 28000083, 26779747, 12270518, 19389183).

c. How many total sessions were completed with ascending delays? Was there criteria for
surgeries? How many total recording sessions per animal (of the 54?)

Please note that the delay does not change within a session. There was no criteria for surgery.
In addition, we will update Table 1 to make the number of recording sessions more clear.

d. How many trials completed per session (40 trials OR 45 minutes)? Where are there
errors? These details are important for interpreting Figure 1.

Every animal in this data set completed 40 trials. We will update the task description to
clarify this issue. There are no errors in this task, but rather the task is designed to the
tendency to make an impulsive choice (smaller reward now). We will provide clarity to this
issue in the revision of the manuscript.

(3) Figure 1 is unclear to me.

a. Delayed vs immediate lever presses are being plotted - but I am not sure what is red,
and what is blue. I might suggest plotting each animal.

https://doi.org/10.7554/eLife.99930.1


Jeremy K Seamans et al., 2024 eLife. https://doi.org/10.7554/eLife.99930.1 42 of 46

We will clarify the colors and look into schemes to graph the data set.

b. How many animals and sessions go into each data point?

This information is in Table 1, but this could be clearer, and we will update the manuscript.

c. Table 1 (which might be better referenced in the paper) refers to rats by session. Is it
true that some rats (2 and 8) were not analyzed for the bulk of the paper? Some rats
appear to switch strategies, and some stay in one strategy. How many neurons come
from each rat?

Table 1 is accurate, and we can add the number of neurons from each animal.

d. Task basics - RT, choice, accuracy, video stills - might help readers understand what is
going into these plots

e. Does the animal move differently (i.e., RTs) in G1 vs. G2?

We will look into ways to incorporate this information.

(4) I wasn't sure how clustered G1 vs. G2 vs G3 are. To make this argument, the raw data
(or some axis of it) might help.

a. This is particularly important because G3 appears to be a mix of G1 and G2, although
upon inspection, I'm not sure how different they really are

b. Was there some objective clustering criteria that defined the clusters?

c. Why discuss G3 at all? Can these sessions be removed from analysis?

These are all excellent suggestions and points. We plan to revisit the strategy to assign
sessions to groups, which we hope will address each of these points.

(5) The same applies to neuronal analyses in Fig 3 and 4

a. What does a single neuron peri-event raster look like? I would include several of these.

b. What does PC1, 2 and 3 look like for G1, G2, and G3?

c. Certain PCs are selected, but I'm not sure how they were selected - was there a criteria
used? How was the correlation between PCA and ival selected? What about PCs that don't
correlate with ival?

d. If the authors are using PCA, then scree plots and PETHs might be useful, as well as
comparisons to PCs from time-shuffled / randomized data.

We will make several updates to enhance clarity of the neural data analysis, including adding
more representative examples. We feel the need to balance the inclusion of representative
examples with groups stats given the concerns raised by R1.

(6) I had questions about the spectral analysis

a. Theta has many definitions - why did the authors use 6-12 Hz? Does it come from the
hippocampal literature, and is this the best definition of theta?. What about other bands
(delta - 1-4 Hz), theta (4-7 Hz); and beta - 13- 30 Hz? These bands are of particular
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importance because they have been associated with errors, dopamine, and are
abnormal in schizophrenia and Parkinson's disease.

This designation comes mainly from the hippocampal and ACC literature in rodents. In
addition, this range best captured the peak in the power spectrum in our data. Note that we
focus our analysis on theta give the literature regarding theta in the ACC as a correlate of
cognitive controls (references in manuscript). We did interrogate other bands as a sanity
check and the results were mostly limited to theta. Given the scope of our manuscript and the
concerns raised regarding complexity we are concerned that adding frequency analyses
beyond theta obfuscates the take home message. However, we think this is worthy, and we
will determine if this can be done in a brief, clear, and effective manner.

b. Power spectra and time-frequency analyses may justify the authors focus. I would
show these (y-axis - frequency, x-axis - time, z-axis, power).

This is an excellent suggestion that we look forward to incorporating.

(7) PC3 as an autocorrelation doesn't seem the to be right way to infer theta entrainment
or spike-field relationships, as PCA can be vulnerable to phantom oscillations, and
coherence can be transient. It is also difficult to compare to traditional measures of
phase-locking. Why not simply use spike-field coherence? This is particularly important
with reference to the human literature, which the authors invoke.

Excellent suggestion. We will look into the phantom oscillation issue. Note that PCA provided
a way to classify neurons that exhibited peaks in the autocorrelation at theta frequencies.
While spike-field coherence is a rigorous tool, it addresses a slightly different question (LFP
entrainment). Notwithstanding, we plan to address this issue.

Reviewer #3 (Public Review):

Summary:

The study investigated decision making in rats choosing between small immediate
rewards and larger delayed rewards, in a task design where the size of the immediate
rewards decreased when this option was chosen and increased when it was not chosen.
The authors conceptualise this task as involving two different types of cognitive effort;
'resistance-based' effort putatively needed to resist the smaller immediate reward, and
'resource-based' effort needed to track the changing value of the immediate reward
option. They argue based on analyses of the behaviour, and computational modelling,
that rats use different strategies in different sessions, with one strategy in which they
consistently choose the delayed reward option irrespective of the current immediate
reward size, and another strategy in which they preferentially choose the immediate
reward option when the immediate reward size is large, and the delayed reward option
when the immediate reward size is small. The authors recorded neural activity in anterior
cingulate cortex (ACC) and argue that ACC neurons track the value of the immediate
reward option irrespective of the strategy the rats are using. They further argue that the
strategy the rats are using modulates their estimated value of the immediate reward
option, and that oscillatory activity in the 6-12Hz theta band occurs when subjects use
the 'resistance-based' strategy of choosing the delayed option irrespective of the current
value of the immediate reward option. If solid, these findings will be of interest to
researchers working on cognitive control and ACCs involvement in decision making.
However, there are some issues with the experiment design, reporting, modelling and
analysis which currently preclude high confidence in the validity of the conclusions.

Strengths:
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The behavioural task used is interesting and the recording methods should enable the
collection of good quality single unit and LFP electrophysiology data. The authors
recorded from a sizable sample of subjects for this type of study. The approach of
splitting the data into sessions where subjects used different strategies and then
examining the neural correlates of each is in principle interesting, though I have some
reservations about the strength of evidence for the existence of multiple strategies.

Thank you for the positive comments.

Weaknesses:

The dataset is very unbalanced in terms of both the number of sessions contributed by
each subject, and their distribution across the different putative behavioural strategies
(see table 1), with some subjects contributing 9 or 10 sessions and others only one
session, and it is not clear from the text why this is the case. Further, only 3 subjects
contribute any sessions to one of the behavioural strategies, while 7 contribute data to
the other such that apparent differences in brain activity between the two strategies
could in fact reflect differences between subjects, which could arise due to e.g.
differences in electrode placement. To firm up the conclusion that neural activity is
different in sessions where different strategies are thought to be employed, it would be
important to account for potential cross-subject variation in the data. The current
statistical methods don't do this as they all assume fixed effects (e.g. using trials or
neurons as the experimental unit and ignoring which subject the neuron/trial came
from).

This is an important issue that we plan to address with additional analysis in the manuscript
update.

It is not obvious that the differences in behaviour between the sessions characterised as
using the 'G1' and 'G2' strategies actually imply the use of different strategies, because
the behavioural task was different in these sessions, with a shorter wait (4 seconds vs 8
seconds) for the delayed reward in the G1 strategy sessions where the subjects
consistently preferred the delayed reward irrespective of the current immediate reward
size. Therefore the differences in behaviour could be driven by difference in the task (i.e.
external world) rather than a difference in strategy (internal to the subject). It seems
plausible that the higher value of the delayed reward option when the delay is shorter
could account for the high probability of choosing this option irrespective of the current
value of the immediate reward option, without appealing to the subjects using a
different strategy.

Further, even if the differences in behaviour do reflect different behavioural strategies, it
is not obvious that these correspond to allocation of different types of cognitive effort.
For example, subjects' failure to modify their choice probabilities to track the changing
value of the immediate reward option might be due simply to valuing the delayed
reward option higher, rather than not allocating cognitive effort to tracking immediate
option value (indeed this is suggested by the neural data). Conversely, if the rats assign
higher value to the delayed reward option in the G1 sessions, it is not obvious that
choosing it requires overcoming 'resistance' through cognitive effort.

The RL modelling used to characterise the subject's behavioural strategies made some
unusual and arguably implausible assumptions:

i) The goal of the agent was to maximise the value of the immediate reward option (ival),
rather than the standard assumption in RL modelling that the goal is to maximise long-
run (e.g. temporally discounted) reward. It is not obvious why the rats should be
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expected to care about maximising the value of only one of their two choice options
rather than distributing their choices to try and maximise long run reward.

ii) The modelling assumed that the subject's choice could occur in 7 different states,
defined by the history of their recent choices, such that every successive choice was made
in a different state from the previous choice. This is a highly unusual assumption (most
modelling of 2AFC tasks assumes all choices occur in the same state), as it causes
learning on one trial not to generalise to the next trial, but only to other future trials
where the recent choice history is the same.

iii) The value update was non-standard in that rather than using the trial outcome (i.e.
the amount of reward obtained) as the update target, it instead appeared to use some
function of the value of the immediate reward option (it was not clear to me from the
methods exactly how the fival and fqmax terms in the equation are calculated)
irrespective of whether the immediate reward option was actually chosen.

iv) The model used an e-greedy decision rule such that the probability of choosing the
highest value option did not depend on the magnitude of the value difference between
the two options. Typically, behavioural modelling uses a softmax decision rule to capture
a graded relationship between choice probability and value difference.

v) Unlike typical RL modelling where the learned value differences drive changes in
subjects' choice preferences from trial to trial, to capture sensitivity to the value of the
immediately rewarding option the authors had to add in a bias term which depended
directly on this value (not mediated by any trial-to-trial learning). It is not clear how the
rat is supposed to know the current trial ival if not by learning over previous trials, nor
what purpose the learning component of the model serves if not to track the value of the
immediate reward option.

Given the task design, a more standard modelling approach would be to treat each
choice as occurring in the same state, with the (temporally discounted) value of the
outcomes obtained on each trial updating the value of the chosen option, and choice
probabilities driven in a graded way (e.g. softmax) by the estimated value difference
between the options. It would be useful to explicitly perform model comparison (e.g.
using cross-validated log-likelihood with fitted parameters) of the authors proposed
model against more standard modelling approaches to test whether their assumptions
are justified. It would also be useful to use logistic regression to evaluate how the history
of choices and outcomes on recent trials affects the current trial choice, and compare
these granular aspects of the choice data with simulated data from the model.

Each of the issues outlined above with the RL model a very important. We are currently re-
evaluating the RL modeling approach in light of these comments. Please see comments to R1
regarding the model as they are relevant for this as well.

There were also some issues with the analyses of neural data which preclude strong
confidence in their conclusions:

Figure 4I makes the striking claim that ACC neurons track the value of the immediately
rewarding option equally accurately in sessions where two putative behavioural
strategies were used, despite the behaviour being insensitive to this variable in the G1
strategy sessions. The analysis quantifies the strength of correlation between a
component of the activity extracted using a decoding analysis and the value of the
immediate reward option. However, as far as I could see this analysis was not done in a
cross-validated manner (i.e. evaluating the correlation strength on test data that was not
used for either training the MCML model or selecting which component to use for the
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correlation). As such, the chance level correlation will certainly be greater than 0, and it is
not clear whether the observed correlations are greater than expected by chance.

This is an astute observation and we plan to address this concern. We agree that cross-
validation may provide an appropriate tool here.

An additional caveat with the claim that ACC is tracking the value of the immediate
reward option is that this value likely correlates with other behavioural variables, notably
the current choice and recent choice history, that may be encoded in ACC. Encoding
analyses (e.g. using linear regression to predict neural activity from behavioural
variables) could allow quantification of the variance in ACC activity uniquely explained by
option values after controlling for possible influence of other variables such as choice
history (e.g. using a coefficient of partial determination).

This is also an excellent point that we plan to address the manuscript update.

Figure 5 argues that there are systematic differences in how ACC neurons represent the
value of the immediate option (ival) in the G1 and G2 strategy sessions. This is interesting
if true, but it appears possible that the effect is an artefact of the different distribution of
option values between the two session types. Specifically, due to the way that ival is
updated based on the subjects' choices, in G1 sessions where the subjects are mostly
choosing the delayed option, ival will on average be higher than in G2 sessions where
they are choosing the immediate option more often. The relative number of high,
medium and low ival trials in the G1 and G2 sessions will therefore be different, which
could drive systematic differences in the regression fit in the absence of real differences
in the activity-value relationship. I have created an ipython notebook illustrating this,
available at: https://notebooksharing.space/view
/a3c4504aebe7ad3f075aafaabaf93102f2a28f8c189ab9176d4807cf1565f4e3. To verify
that this is not driving the effect it would be important to balance the number of trials at
each ival level across sessions (e.g. by subsampling trials) before running the regression.

Excellent point and thank you for the notebook. We explored a similar approach previously
but did not pursue it to completion. We will re-investigate this issue.
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