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Abstract 
 

Adaptive decision-making requires consideration of objective risks and rewards associated with each option, 

as well as subjective preference for risky/safe alternatives. Inaccurate risk/reward estimations can engender 

excessive risk-taking, a central trait in many psychiatric disorders. The lateral orbitofrontal cortex (lOFC) has 

been linked to many disorders associated with excessively risky behavior and is ideally situated to mediate 

risky decision-making. Here, we used single-unit electrophysiology to measure neuronal activity from lOFC of 

freely moving rats performing in a punishment-based risky decision-making task. Subjects chose between a 

small, safe reward and a large reward associated with either 0% or 50% risk of concurrent punishment. lOFC 

activity repeatedly encoded current risk in the environment throughout the decision-making sequence,  

signaling risk before, during, and after a choice. In addition, lOFC encoded reward magnitude, although this 

information was only evident during action selection. A Random Forest classifier successfully used neural data 

accurately to predict the risk of punishment in any given trial, and the ability to predict choice via lOFC activity 

differentiated between and risk-preferring and risk-averse rats. Finally, risk preferring subjects demonstrated 

reduced lOFC encoding of risk and increased encoding of reward magnitude. These findings suggest lOFC 

may serve as a central decision-making hub in which external, environmental information converges with 

internal, subjective information to guide decision-making in the face of punishment risk. 
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Introduction 

Healthy, effective decision-making requires accurate predictions of the risks and rewards associated 

with all potential options. The pursuit of rewards in the face of potentially aversive outcomes is operationalized 

as risky decision-making 1–4. While a certain degree of risk-tolerance can be beneficial, persistent choice of 

risky options can be maladaptive 5–7 and is a central facet of multiple psychopathologies, including substance 

use disorder (SUD), Attention-deficit/hyperactivity disorder (ADHD), and Parkinson’s disease 1,8–14. Thus, 

effective therapeutic interventions for these pathologies of decision-making requires delineating the neuronal 

processes that give rise to risky decisions. 

The rat Risky Decision-making Task (RDT) measures preference between small, safe rewards and 

larger rewards accompanied by the risk of physical punishment 3. Critically, the RDT consistently yields a wide 

range of individual risk-preferences similar to that observed in human populations 4,15–18, including a 

subpopulation of “risk-preferring” rats that demonstrate preference for risky rewards regardless of high 

probabilities of punishment 2,19–21. Despite showing no distinctions from the rest of the population in pain 

tolerance, weight, anxiety-like behavior, or gross measures of motivation 22, risk-preferring rats exhibit several 

behavioral traits associated with vulnerability to SUD, including elevated cocaine self-administration 21,23, 

nicotine sensitivity and resilience to nicotine-evoked anxiety 17, sensitivity to reward-predictive cues 24, and 

increased impulsive action 17,24,25. Furthermore, risk-taking is associated with several neurobiological patterns 

including altered dopamine receptor expression in striatum and prefrontal cortex 21,22 and greater mesolimbic 

phasic dopamine release and autoreceptor function 17,21,23,26. Therefore, the RDT provides a method of 

elucidating the neural basis of individual differences in risk-taking, which may also enable understanding of a 

cluster of SUD-relevant traits.  

Excessive risk-taking may arise from inaccurate estimation of risks or overvaluation of risk-associated 

rewards 27–30. Information about risk and reward is an element of internally generated cognitive maps, which 

facilitate decision-making in complex environments by providing a framework for the current state space. 

Lateral orbitofrontal cortex (lOFC) has been implicated in the construction and use of cognitive maps, signaling 

a map of state space that is accessed by other regions to track location and compare available paths within 

that state space31–35. Notably, risky decision-making is altered after disruptions of lOFC activity 22,36–41 and 

dysfunctional lOFC activity has been repeatedly observed in pathologies of decision-making like SUD 42–49. It is 
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possible that lOFC contributes to excessive risk-taking by generating inaccurate representations of action-

outcome contingencies 37,50–52. However, despite its implication in risk-taking, little is known about how lOFC 

processes/integrates risk and reward information within a given state space or its direct involvement with 

navigating between different levels of risk and reward. 

Risky decision-making is not a unitary process, but rather consists of multiple stages involving distinct 

and overlapping cognitive processes 6,52,53. It is likely that critical brain regions such as lOFC transmit distinct 

functional signals during these different stages, highlighting the importance of experimental designs enabling 

segmentation of the decision-making process. Accordingly, we used a modified version of RDT that parsed 

decision-making into three phases: deliberation, action selection, and outcome anticipation. Deliberation, 

defined as the period before the choice is available, was isolated by training rats to perform a one second nose 

poke hold before the two choice options were presented. During this preparatory period, individuals generate 

action-outcome predictions for potential choices and evaluate the relative value of the risks and reward 

associated with available paths forward. This relies on internal representations of the current environmental 

state, as well as the probability that specific actions or cues will transition the individual from one state to 

another 54–59. After deliberation, it is necessary to commit to the chosen path and engage in action selection, 

operationalized here as the epoch immediately preceding the choice that culminates when the decision is 

complete. Finally, after action selection, subjects shift into anticipation, wherein they await impending 

punishments/rewards, information that is integrated into subsequent choices. 

Here, we investigated the role of lOFC in punishment-based risky decision-making in adult male rats to 

delineate how lOFC activity encodes information on risk, reward, and choice during different stages of 

decision-making. First, population-level signaling was assessed by measuring changes in mean activity and 

selectivity across all recorded units before (deliberation), during (action selection), and after (anticipation) a 

decision. Then, Random Forest machine learning models60 were developed to assess the ability to predict both 

risk presence and risky/safe choice using net lOFC activity during each stage of decision-making. Next, we 

assessed how distinct neuronal ensembles engaged during risky decision-making encoded information about 

risk/safety and reward magnitude. Finally, to determine if individual differences in risk-taking are reflected in 

neuronal processing of risk and reward, we compared patterns of lOFC activity between “risk-preferring” and 

“risk-averse” rats.  
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Results 

Risky decision-making 

Adult male rats (n=7) were trained on a simplified version of the RDT2,17,26,61 designed to isolate 

distinct stages of decision-making: deliberation, action selection, and anticipation (Fig 1A). Rats 

chose between large and small magnitude reward options, with the large reward associated with 

either a 0% or 50% risk of foot shock punishment across two blocks of trials. As expected, the 

addition of risk reduced choice of the large reward (F (1, 5) = 8.106, p = .036, Fig 1B). Order of blocks 

(50% risk in block 1 [n=3] vs 50% risk in block 2 [n=4]) had no effect on choice behavior (F (1, 5) = 

0.015, p = .906, Fig 1C). Notably, rats exhibited a range of individual differences in risk preference,  

such that risk of punishment elicited a 0 - 78.13% (M = 39.65%; Fig 1D) reduction in large reward 

choice. 

Latency to select large rewards was unaffected by the presence of risk (F (1, 6) = 1.541, p = 

.260) and choice latency did not differ between large and small rewards within the risky block (F (1,6) 

= .001, p = .980). Incomplete trials (M = 134.08 ± 24.67) due to either omitted responses or failed 

initiation holds were repeated until completion during each session of RDT. Risk preference was not 

correlated with the number of repeated trials (r (6) = -.199, p = .668). Incomplete trials did not differ 

between 0% and 50% risk conditions (F (1,6) < .000, p = .990) and were unaffected by the order of 

risk conditions (F (1,6) = 1.244, p = .315). Furthermore, incomplete trials occurred equally due to 

failed trial initiations and omitted responses (t (6) = 1.118, p = .306) and risk of punishment did not 

alter either initiation failure (F (1,6) = 0.496, p = .508) or trial omission (F (1,6) = 0.031, p = .865). 

Collectively, these data suggest that the presence of risk did not alter overall task 

engagement/performance. 
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Figure 1. Risky Decision-Making Task (RDT) and Performance. A. At the beginning of each trial, a 1s 
sustained head entry into the lit trough initiates lever extension. Depression of either lever caused both levers 
to retract, followed by a 0.5s delay, then delivery of a small, 1 pellet reinforcer (safe choice) or a large, 3 pellet 
reinforcer with either a 0% or 50% risk of footshock (risky choice) depending on the current task block. 
Neuronal activity during was assessed during 3 distinct stages: deliberation, choice, and anticipation. B. On 
average, choice of large rewards decreased with a 50% risk of accompanying footshock. C. Choice of the large 
reward was unaffected by order the of risky (50%) vs safe (0%) blocks, i.e., ascending vs descending risk 
conditions. D. Rats displayed individual variability in willingness to take risks in pursuit of large rewards, and E. 
were grouped into risk averse and risk preferring groups. Data displayed in B,C, and E depict mean ± SEM. 
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LOFC activity is modulated by multiple events during risky decision-making. 

Neuronal activity was recorded through 16 channel drivable microwire electrode arrays 

implanted in lOFC (Fig 2A) over 36 sessions of RDT. 554 single units were sorted based on spike 

waveform topology (Fig 2B) and PCA clustering (Fig 2C) and event-evoked changes in neuronal 

activity was analyzed during 3 distinct task epochs: deliberation, action selection, and outcome 

anticipation (Supplemental Table 1). Based on our selectivity criteria, 78% of recorded cells (433 

units) were either activated or suppressed during one or more of these epochs (Fig 2D-F), 

demonstrating that lOFC neurons are bidirectionally engaged by different events throughout risky 

decision-making. 

LOFC population activity encodes punishment risk during multiple events throughout 

decision-making. 

First, we compared population activity between the risk-free and 50% risk of punishment 

blocks during different stages of RDT (Fig 3A,E,I). During deliberation, lOFC population activity was 

elevated in the presence of risk (F (1, 552) = 4.575, p = .033, Fig 3C) and 52.5% of activated or 

suppressed units changed selectivity between the 0% and 50% risk conditions. During action 

selection, there was a significant risk condition x bin interaction (F (4, 2208) = 10.001, p < .001, Fig 

3G), such that the presence of risk evoked a shift in firing rates from being suppressed to activated, 

and 51.1% of units changed selective responses between risk conditions. Finally, during anticipation 

there was a significant risk x bin interaction (F (9, 4968) = 1.915, p = .045, Fig 3K), such that 

population firing rate was again shifted from being suppressed to activated in the risky condition, and 

65.8% of units changed their selectivity between blocks. Therefore, the presence of risk is encoded 

by an increase in lOFC population activity that manifests repeatedly throughout decision-making. 

Overall lOFC engagement (total units either activated or suppressed by an event, 

Supplemental Table 1) was comparable between risk and risk-free blocks (Fig 3B,F,J). To assess 

risk-evoked changes in activated vs suppressed selective signaling, we measured how the ratio of 

activated to suppressed units was altered during each stage of RDT. During deliberation, 
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Figure 2. Population lOFC activity is modulated by different stages of risky decision-making. A. 
Electrodes were positioned in the lateral orbitofrontal cortex. B. Recorded spike waveforms were sorted 
individual neuronal units based on waveform topology. C. Principal Component Analysis (PCA) was use
generate principal component (PC) loadings for individual spikes and confirm accuracy of single-unit sor
PC clustering. D,E,F. Heat plots of individual unit activity during risky decision-making deliberation (D.), c
(E.), and anticipation (F.), reveal that activity is bidirectionally modulated by each event. Units were sorte
order of average firing rate during the event. Next to each heat plot, raster plots show representative exa
of individual units that were phasically activated (col 2) or suppressed (col 3) during risky decision-makin
Mean neuronal spiking is displayed as a histogram in each raster plot. 
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Figure 3. The presence of risk alters population lOFC signaling throughout the risky decision-making 
process. A,E,I. Heat plots showing activity of individual units throughout risky decision-making deliberation 
(A.), action selection (E.), and anticipation (I.). Heat plots of the same units 50% risky block reveal changes in 
evoked single unit activity with the addition of risk. Within each heat plot, rows are sorted based on average 
firing rate in the 0% risk block. B,F,J. Neuronal engagement (%) of units with event-evoked activation or 
suppression) did not differ between risk conditions. C,G,K. Population firing rate of all recorded units across 
the 0%/50% risk conditions. Net activity is consistent between risk conditions during the first half of deliberation 
(C.) but begins to increase in the risky block as deliberation nears its end. Net activity fully diverges at the 
moment of choice (G.), decreasing in the 0% risk condition and increasing in the 50% risk condition. When risk 
is present in the environment, net activity is elevated during anticipation (K.) of chosen rewards. D,H,L. Trials 
containing large, risky rewards vs large, safe rewards are encoded via an increased ratio of selective 
activations to suppressions during deliberation (D.) and a decreased ratio during anticipation (L.). This 
selectivity ratio did not differentiate between trials during action selection (H.), nor between trials resulting in 
small vs large rewards regardless of risk level. Data depicted in C,G, and K represent mean ±SEM. 
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presence of risk was encoded as an increase in the proportion of activated to suppressed units (χ2 (1, 

n = 326) = 4.686, p = .030, Fig 3D), whereas anticipation of large, risky rewards was associated with 

an increase in suppressed to activated units (χ2 (1, n = 288) = 10.125, p = .001, Fig 3L). The ratio of 

selective activations/suppressions did not differ between risk conditions during action selection (χ2 (1, 

n = 245) = 1.431, p = .232, Fig 3H). Critically, in trials where rats chose small safe rewards this 

activated/suppressed ratio did not differ from large, safe reward choice during deliberation, action 

selection, or anticipation (all χ2 < 2.6, p-values > .1), suggesting that changes in population dynamics 

observed during risky choice were not related to reward magnitude or the overall value of a choice. In 

summary, the presence of risk is encoded by bidirectional shifts in the ratio of activated:suppressed 

units during the deliberation before a choice and outcome anticipation after a choice, but not during 

action selection.   

Using Machine Learning to Decode Net lOFC Activity  

We next trained a Random Forest classifier using firing rates of all recorded units to decode 

lOFC signaling of current risk associated with the large reward on a trial-by-trial basis. We found 

lOFC population activity accurately predicts the current risk of punishment associated with large 

rewards, with an average accuracy of 75% ± 2.65 across all three stages of decision-making (Fig 4A).  

Interestingly, the model was more accurate during deliberation and anticipation than during action 

selection. Measures of precision, recall, and F1 score were comparable to accuracy. In summary, net 

lOFC activity can be used to predict presence/absence of risk with high accuracy throughout all 

stages of decision-making, with the highest accuracy occurring during deliberation.  

The previous data suggest a role for lOFC in signaling risk throughout decision-making, though 

it remains unclear if lOFC actively guides behavior through the risky decision-making trial. To explore 

the possibility of a more direct role for lOFC in guiding choice behavior, we trained a Random Forest 

classifier on population activity in the risky block to predict whether a given trial resulted in large risky 

or small safe reward choice. The model correctly identified whether 66.67% ± 3.67 of trials resulted in 

a risky or safe choice (Fig 4B), averaged across the 3 trial epochs. Though this resulted in a model  
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Figure 4. Populations activity decoding to predict current risk conditions and choice on a trial-by-trial 
basis. A. A parameter-optimized Random Forest (RF) model accurately predicts whether any given trial occurs 
in the risky or safe task block using population activity. B. Trial-by-trial choice is predicted above chance using 
population activity during different events in decision-making. C. Choice prediction improves when previous 
trial outcome is incorporated into the RF classifier’s dataset. D. Average confusion matrix for choice prediction 
model using only neural data, averaged across all three trial stages. Misclassification of large, risky choice 
trials as small, safe choice trials accounted for the majority of model errors. E.  Average confusion matrix for 
choice prediction model incorporating recent events with neural data. When provided previous trial outcomes 
as a categorical variable to contextualize neuronal activity, model performance drastically increased, driven by 
improved classification of large, risky choices. Data are displayed as proportion of choices of each type 
predicted correctly or incorrectly; for example, .85 of small reward choice trials and .59 of large reward trials 
were predicted accurately in D.  
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exceeded chance levels, it was an underperformance compared to the previous model trained to 

predict the presence of risk (Fig 4A). 

A commonly proposed role for lOFC is to inform evaluative processes by incorporating recent 

events with existing associative models62–65. Accordingly, we retrained the model on the same 

neuronal data set with the addition of a categorical variable indicating the outcome of the previous 

choice trial (small reward, large reward no footshock, or large reward + footshock). By incorporating 

recent events, the Random Forest classifier improved across all three stages of decision-making, 

reaching an average classification accuracy of 86.01% ± 0.42 (Fig 4C). Confusion matrices revealed 

that this improved performance was primarily driven by better classification of large, risky choices. 

When trained on neural data alone, 41% of trials containing large, risky choice were misclassified as 

small, safe choice trials (Fig 4D). Incorporating previous trial outcomes with the model reduced 

misclassification rate to 14% (Fig 4E). This suggests that when subjects engage in risky behaviors, 

lOFC (or a downstream region) incorporates the previous outcome into the evaluative process. 

Conversely, misclassification of small, safe choice trials was consistently low (15% � 13%), 

indicating that the previous outcome is only informative after decisions with an element of risk. Thus, 

lOFC direction of risky behavior may involve integration of the outcome of the previous risky decision. 

Subgroups of LOFC neurons encode presence of risk regardless of choice 

 To investigate lOFC processing of risky decision-making on a more granular level, we 

analyzed activity within subpopulations of units phasically activated or suppressed during different 

task events. Separate neuronal subpopulations displayed suppressed activity during deliberation 

(n=67), action selection (n=64), and anticipation (n=118) in the absence of risk. However, when risk of 

punishment was present in the task space, this suppression was significantly reduced (deliberation: F 

(2,162) = 11.415, p < .001; action selection: F (2,165) = 18.686, p < .001; anticipation: F (2,307) = 

41.592, p < .001; Fig 5A,D,G). Interestingly, this risk-mediated attenuation of suppression occurred 

regardless of whether subjects chose the large, risky (Fig 5B,E,H) or small, safe (Fig 5C,F,I) rewards 

(pairwise comparisons: all p-values < .05). Thus, lOFC encode presence/absence of risk rather than  
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Figure 5. lOFC signals the presence of risk throughout decision-making. Distinct neuronal subpopulations 
were phasically suppressed during deliberation (row 1), action selection (row 2), and anticipation (row 3) in the 
0% risk block of trials. A,D,G. This selective suppression was attenuated during the 50% risk block across all 
events. Notably, this attenuated response occurred regardless of whether subjects chose large, risky (B,E,H.) 
or small, safe (C,F,I.) reward, suggesting it is signaling changes in environmental risk rather than encoding 
risky vs safe choice. All data are depicted as mean±SEM. 
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comparing risk level between concurrently available paths through the task space (risky vs safe 

choice). 

Selectively activated lOFC units encode reward magnitude during action selection 

Having identified evidence that lOFC neuronal subpopulations encode risk, we next examined 

reward magnitude, a well-known feature of lOFC signaling 66–68. We identified 111 units selectively 

activated during action selection of either large, safe or small, safe rewards. These subpopulations 

were classified as either “large magnitude-encoding” or “small magnitude-encoding” based on the 

reward choice (large, safe or small, safe) during which they exhibited the highest degree of phasic 

activation. There was no significant difference in peak firing rate between the two magnitude-

encoding subpopulations (F (1,129) = 0.042, p = .839). Critically, each of these subpopulations 

discriminated between small and large rewards via alterations in phasic activation. Large magnitude- 

encoding neurons selectively activated more during choice of large (risky or safe) than small rewards 

(F (2,177) = 5.609, p = .004), with individual comparisons confirming comparable activity between 

large risky and large safe reward choices choice (p = .946, Fig 6A) and a robust reduction in firing 

rate for small reward compared to large, safe reward choice (p = .003, Fig 6B). Similarly, small 

magnitude-encoding neurons exhibited greater neuronal activity during small reward choice (F 

(2,178) = 7.202, p < .001) compared to either large safe (p < .001, Fig 6C) or large risky (p = .025, Fig 

6D) reward choice. Thus, separate subpopulations of neurons in lOFC encode reward magnitude 

during action selection separately from the presence of risk. 

LOFC activity underlying individual differences in risk-taking  

Individual differences in risk-taking are associated with differences in lOFC risk processing. 

Rats were grouped as either risk-preferring or risk-averse based on preference for risky vs 

safe choice (Fig 1E). To determine if individual differences in risk-taking were mirrored by differences 

in lOFC activity, we compared the processing of both risk and reward magnitude between these 

groups. We identified a subset of neurons which were suppressed during deliberation prior to risky 

choice in both risk-averse (units=39) and risk-preferring (units=10) rats. This neuronal subpopulation  
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Figure 6. lOFC encodes reward magnitude during action selection regardless of risk. A,B. Units 
selectively activated during choice of large, safe rewards in the safe block exhibited similar activations in the 
risky block during large, risky choice (A.), but not during small, safe choice (B.). C,D. Units selectively activated 
during choice of small, safe rewards in the risky block were not activated when choosing either large, safe (C.) 
or large, risky (D.) rewards. All data depicted as mean±SEM. 
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showed divergent activity in response to risky and safe rewards as a function of individual risk 

preference (F (1,47) = 11.859, p = .001). In risk-averse rats, this suppression was significant 

attenuated during deliberation prior to large, safe choice (p < .001, Fig 7A). However, in risk-

preferring rats, this subpopulation exhibited nearly identical suppression between deliberations 

preceding large, risky and large, safe choice (p = .670, Fig 7B). A similar dichotomy in risk encoding 

between risk preferring and averse rats occurred during outcome anticipation (F (1,77) = 5.326, p = 

.024). In both groups, distinct neural subpopulations exhibited selective suppressions during 

anticipation of risky rewards. In risk-averse rats, this selective suppression was absent during 

anticipation of large, safe rewards (n=45, p < .001, Fig 7C). Conversely, in risk-preferring rats, this 

subpopulation did not discriminate between large, safe and large, risky choice (n=29, p = .614, Fig 

7D). Thus, lOFC encoding of risk differs based on individual differences in risk-preference, with risk-

preferring rats showing reduced encoding of risk during both prior to (deliberation) and following 

(outcome anticipation) a choice. 

We trained a Random Forest classifier to further explore how individual risk preferences are 

encoded by lOFC signaling on a trial-by-trial basis. This model matched risk preference with 

population activity to predict 1) current risk associated with large rewards, and 2) choice between 

large risky vs small safe rewards. F1-scores — the harmonic mean of precision and recall, and a 

normalized metric of model performance69 — were used to compare model performance between risk 

groups and between safe and risky choice). In both risk-preferring and -averse rats, lOFC activity 

encoded presence/absence of risk associated with large rewards (Supplemental 2A,B). OFC 

encoding of risk condition was consistent (<5% variance between metrics) at each trial stage for both 

risk-preferring and -averse rats (Supplemental 2A,B) and there were no strong differences in F1-

score (>5%) between risk groups (Supplemental 2C). This lack of group difference suggests that 

subjective preference for/against large, risky rewards does not originate from deficient LOFC 

prediction of the presence of risk.  
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Figure 7. Individual differences in risk-taking are associated with differences in lOFC risk processing 
and increased lOFC reward sensitivity. A,B. In both risk-averse and -preferring rats, distinct neuronal 
subpopulations were suppressed during deliberations preceding large, risky choice. In risk-averse rats (A.), 
this suppression is absent during deliberations preceding large, safe choices. However, risk-preferring rats (B.) 
exhibit identical suppressions during deliberation prior to both safe and risky large reward choice, indicating a 
lack of neuronal sensitivity to risk. C,D. Similarly, selective subpopulations are suppressed during anticipation 
of large, risky rewards in both risk-averse and -preferring rats. In risk-averse rats (C.), this suppression is 
absent during anticipation of large, safe rewards, while risk-preferring rats (D.) demonstrate identical 
suppression during anticipation of large safe and risky rewards. E. Principal components 1 and 2 neatly 
distinguished between risk-preferring and risk-averse rats. Performance metrics component loadings for 
classification of risky and safe choice trials correlated with subjective risk preference. F. In risk-preferring rats, 
but not risk-averse, precision and recall diverged on trials containing choice of non-preferred rewards. G. 
Neurons activated during action selection of large, safe rewards exhibit stronger activation in risk-preferring 
rats than risk-averse rats. H. When large rewards include a 50% risk of shock, this activation is maintained in 
risk-preferring rats but muted in risk-averse rats. Data in A-D & G-H depicted as mean±SEM. 
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However, while lOFC activity reflected the presence/absence of risk comparably between risk 

groups, differences emerged in LOFC encoding of risky vs. safe choice. Using linear regression, we 

determined that Random Forest performance metrics predicted choice of risky vs safe rewards (r2 = 

0.627, F (3,11) = 4.482, p = .040). We then used principal components analysis to assess how lOFC 

encoding varies based on subjective risk preference. Performance metrics loaded on the first and 

second components along lines according to risk-group (Fig 7E), indicating that variance in lOFC 

encoding of decision-making largely correlates with subjective risk preference. Finally, a logistic 

regression determined that decoded lOFC signaling of risky vs safe choices predicted subjective risk 

preference (χ2 (6, N =36) = 16.636, p = .011). This indicates that lOFC encoding of choice is linked to 

subjective preference for risky vs safe rewards. 

 In risk-preferring rats, precision, a measure of model classification, was elevated (>5%) above 

other performance metrics during choice and anticipation (Supplemental 2D), whereas in risk-averse 

rats, it was elevated during deliberation and choice (Supplemental 2E). These group differences in 

encoding risky vs safe choice were further exemplified by differences in F1-score during deliberation 

and choice (Supplemental 2F). Within each risk group, differences in precision— a measure of false 

positives— and recall— a measure of false negatives— were further compared at the level of discrete 

classes (safe choice and risky choice, Supplemental 2G,H). Separate Repeated Measures ANOVA 

(class x metric) revealed that precision and recall metrics of lOFC encoding were significantly lower 

when classifying non-preferred rewards in both risk-preferring (F (1,2) = 131.942, p = .007, 

Supplemental 2Gsolid bars) and risk-averse (F (1,2) = 85.563, p = .011, Supplemental 2Hslashed bars) rats. 

Furthermore, risk-preferring rats exhibited a class x metric interaction (F (1,2) = 60.356, p = .016) in 

the form of a divergence between precision and recall when classifying safe choice trials. Risk-

preferring rats’ average precision across each trial stage fell 43% ± 1.73 below recall during safe 

choice trials, but not during risky choice trials (pairwise p-values: safe class = .002; risky class = .104, 

Fig 7Fleft). This reflects an increase in the rate of false positives in relation to the rate of false 

negatives when identifying safe choice trials, whereas precision and recall were comparable when 
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classifying risky choice trials. Thus, despite accurate LOFC encoding of risk vs safety in the 

environment, risk-preferring rats appear to lack a distinct LOFC state associated with safe behavior, 

especially during action selection and anticipation, wherein precision fell below 10%. This divergence 

between precision and recall did not occur for risk-averse rats (F (1,2) = 3.610, p = .198, Fig 7Fright).  

Risk-taking is linked to increased lOFC reward sensitivity. 

To test if excessive risk-taking may arise from biased signaling of large vs small rewards, we 

examined how reward magnitude discrimination in lOFC differed based on individual differences in 

risk-taking. In risk-preferring rats, large reward magnitude-encoding neurons exhibited a greater 

phasic increase in firing rate during action selection than in risk-averse rats when choosing large 

rewards (F (1,174) = 4.913, p = .028; large, safe: p = .027, Fig 7G; large, risky: p = .004, Fig 7H), but 

did not differ between risk groups when choosing small, safe rewards (p = .612). This suggests that 

risk-taking may be caused in part by elevated reward magnitude signals during action selection.  

 

Discussion 

Decision-making is a complex cognitive process that requires accurate evaluation of internal and 

external factors, including assessment of the risk of punishment and reward magnitude associated with all 

options within the current environmental state 2,4,70,71. We found that lOFC encodes the presence of risk 

throughout decision-making, with both population activity and selectively engaged neuronal subpopulations 

signaling impending risk during deliberation prior to a choice, action selection, and post-choice outcome 

anticipation. Moreover, lOFC activity can be decoded to accurately predict current risk levels as well as  

risky vs safe choice on a trial-by-trial basis. LOFC also encodes reward magnitude, although this pattern of 

activity was only evident during action selection. Finally, both reward and risk encoding differed based on 

subjective risk preference, with risk-preferring rats exhibiting attenuated lOFC discrimination between risky and 

safe conditions, elevated lOFC activation during large rewards, and reduced ability to predict safe choice via 

lOFC activity. 

lOFC encodes risk of punishment throughout decision-making  

Neuronal activity in OFC encodes appetitive and aversive valence 72–74, and appetitive and aversive 

information converges at the level of individual neurons in OFC 75–78. Moreover, single-units in lOFC adaptively 
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encode changes in information about available options, updating activity to match behavior with available 

reward information 79–82. This dynamic encoding of motivational stimuli in the environment dovetails with the 

lOFC discrimination between risky vs non-risky conditions observed here. It is important to note that lOFC 

encoded risk not only during expectation of risky outcomes, but also during pre-choice deliberation and the 

choice itself. Critically, lOFC risk encoding was not linked to decision-making on a trial-by-trial basis, with risk-

related activity occurring comparably regardless of engagement in large, risky or small, safe choice. 

This repetitive risk-encoding throughout the decision-making process, manifesting as reduced 

suppression of lOFC activity, has several potential explanations. One explanation is the production of a robust 

signal that is more resistant to degradation 83, ensuring that highly salient punishment risk is properly 

incorporated into the decision-making process. Another possibility is that lOFC may subserve a different 

function at each stage of decision-making, which is supported by the variation in predictive accuracy achieved 

by Random Forests decoding classifier across trial stages (Fig 4A). During deliberation, risk signals may 

contribute to evaluation of risk prior to action selection. During choice itself, reduced suppression of lOFC 

activity in the presence of risk may reflect increased output to regions associated with either invigorating or 

suppressing motivated action. Finally, during anticipation lOFC signals may facilitate activation of downstream 

regions associated with threat detection or reward seeking/consumption. This multifunctional role for lOFC in 

the decision-making process is supported by confusion matrices at each stage of decision-making. During 

deliberation, the Random Forest model misclassified extremely few trials as being in the risky vs safe task 

conditions (Supplemental 3A). However, misclassification became more common during action selection 

(Supplemental 3B) and anticipation (Supplemental 3C) and occurred with similar frequency during these latter 

stages of the decision-making process. This suggests that lOFC activity may reflect changes in cognitive 

requirements as decision-making progresses from evaluative to invigorating to anticipatory. Further research is 

needed to investigate this possibility and identify the brain regions influenced by these risk signals, as well as 

whether risk encoding arises from inhibitory or excitatory neurons.  

lOFC encoding of risky choice 

lOFC activity predicted impending risky choices via changes in ratio of activated to suppressed neurons 

during pre-choice deliberation. This signal may directly reflect the neuronal state in which subjects are 

sufficiently motivated to engage in risk-taking, as enhanced OFC activity plays a causal role in willingness to 
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endure punishment in pursuit of reward 84, and OFC signaling has been repeatedly linked to punishment 

sensitivity, though in inconsistent directions 48,85,86. This activation/suppression ratio may also reflect a model-

based value estimate in which value of the large reward is incorporated with value of potential rewards in future 

states and the probability of transitioning into those states 58,87. Critically, it is unlikely that the increased 

number of activated units preceding risky choice was related to reward magnitude, as activated-suppressed 

ratio was comparable between expectation of small and large safe rewards. The ratio of activated to 

suppressed units was also altered during outcome anticipation following risky vs safe choice. This could reflect 

changes in lOFC communication with regions associated with dread or consolidated reward value 66,81,91, as 

lOFC projects information about impending outcomes to basolateral amygdala, nucleus accumbens, and 

dorsal striatum92–94. In summary, in addition to processing information about risk in the environment, lOFC 

encodes willingness to pursue a risky outcome both before and after choice. It is possible that these signals 

may be necessary to invigorate reward seeking in the presence of threat.  

Reward magnitude is encoded within lOFC during action selection 

During action selection, distinct lOFC neuronal subpopulations encoded reward magnitude separately 

from risk. Event-selective ensembles discriminated between different outcomes by activating during either 

large or small reward choice (Fig 6), then this phasic activation was attenuated during choice of the other 

magnitude. These magnitude encoding subpopulations did not discriminate between risky and non-risky large 

rewards, suggesting that these signals are specific to reward size without integrating the presence of risk into 

the expected outcome. This aligns with previous research indicating that lOFC encodes both value and reward 

magnitude associated with specific actions 34,66,68,95,96, and encodes magnitude separately from subjective 

value assigned to a given reward 66,82,92. Additionally, the encoding of reward magnitude via phasic lOFC 

activation has been previously observed 92,97–99. Notably, while ensembles encoded the presence of risk both 

before and after a choice, reinforcer magnitude was only signaled during action selection. 

lOFC encoding of risk and reward varies with individual differences in subjective risk preference. 

 The abridged version of RDT used here produced robust individual differences in risk preference, 

replicating previous observations with standard RDT 3,4,17–19,22,23,25,26,100. Differences in subjective risk 

preference were accompanied by differences in risk and reward magnitude signaling in lOFC, and Random 

Forest choice classification using trial X trial neuronal data was sufficient to predict subjective risk preference. 
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Risk-averse rats exhibited selectively suppressed neuronal subpopulations during deliberation preceding large 

risky reward choice, but this signal did not precede large safe choice. In contrast, risk-preferring rats displayed 

an identical suppression in activity between risky and safe large rewards. This may reflect reduced lOFC 

processing of impending risk in risk-preferring rats, resulting in failure to properly integrate risk into mental 

representations of state space during evaluation. Alternatively, this attenuated risk encoding may reflect risk-

takers attributing less salience to impending punishment, driving increased tolerance of risky outcomes. It is 

unlikely that reduced risk salience is directly related to physical sensitivity to punishment, as subjective risk 

preference in RDT is not associated with shock sensitivity or general pain tolerance, and is not influenced by 

acute exposure to an opioid analgesic 22,100. Nor is it likely that increased risk-taking arises from a lack of 

awareness that risk is present, as there are no substantial differences in block-prediction performance metrics 

(Supplemental 2A-C) or confusion matrices (Supplemental 3D-I) between risk-preferring and risk-averse rats.  

A predisposition toward excessive risk-taking may arise from elevated lOFC processing of large 

rewards, possibly driving increased willingness to seek these rewards despite the presence of risk. While large 

reward-encoding neuronal subpopulations were identified within both risk groups, these neurons generated 

greater phasic activation in risk-preferring rats. Additionally, while risk-averse rats exhibited a blunted signal 

from these large reward-encoding units in the presence of risk, risk-preferring rats exhibited consistent signal 

strength when choosing large rewards regardless of the associated risk. This aligns with another report that 

elevated risk-preference is associated with increased lOFC processing of reward magnitude 101. Collectively, 

these data suggest that excessive risk-taking may arise from both increased reward-evoked signaling and 

reduced risk-signaling in lOFC, resulting in a bias toward risky paths through the state space. 

It is also possible that risk-preferring rats’ persistent choice of risky rewards is caused by elevated habit 

formation, leading to failure to adapt to changes in action-outcome contingencies within a session. However, all 

rats here had comparable levels of training, and individual risk preference is uncorrelated with susceptibility to 

habit formation 17. Additionally, by requiring subjects to perform a sustained nose poke hold to initiate lever 

extension at the start of each trial, the current design imposes a break in the standard stimulus-response 

pattern underlying habitual behavior. This pause may promote goal-directed behavior by forcing a period for 

evaluation of outcomes associated with upcoming options. Finally, a subset of subjects performed the task with 

the risky block preceding the safe block, suggesting that persistent risky choice cannot solely be explained by 
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inflexible choice of the previously risk-free large reward.  

Risky Decision-making and Cognitive Mapping 

Cognitive maps facilitate rational behavior by providing 1.) a mental model of the states comprising the 

current decision environment, and 2.) the rules and probabilities associated with transitioning between distinct 

states 55,56,58,87. Neuronal activity in lOFC contributes to tracking goal-directed behavior 66,102–105 and mediates the 

associative learning used to guide action-selection in downstream regions 43,78,106–112. Thus, while lOFC is not 

proposed to directly invigorate choice 113–116, it is critical to the construction, updating, and use of cognitive 

maps 31,32,56,99,117. Here, we identified an active role for lOFC in generating dynamic representations of state 

space by encoding both external (risk level and reward magnitude) and internal (inclination toward risk-taking) 

state characteristics. Throughout decision-making, presence of risk was encoded by selective signals 

originating in both lOFC population-level activity and responses of event-selective lOFC neuronal 

subpopulations. This suggests that cognitive maps during decision-making may be segregated into separate 

risky vs risk-free state spaces, each associated with distinct neuronal representations generated by lOFC. This 

information may mediate choice calculations by other brain regions more tightly linked to action selection.  

During decision-making, choice represents the transition between one state and the next, and is 

completed when the neuronal system reaches a threshold that that initiates movement through the cognitive 

map. Importantly, when conflicting motivational inputs (such as reward approach or risk avoidance) are present 

in the environment, those inputs compete to push the current state toward transitioning to one adjacent state or 

another 118–122. Stimulus-selective attractor states often arise from strong recurrent excitation within a local 

cortical circuit 121,123–125, which mirrors the encoding of large and small reward magnitudes by distinct 

subpopulations’ selective excitation observed in the current work. Critically, the increased large reward-

associated lOFC activation in risk-preferring rats may bias these subjects toward this option despite the 

presence of risk. Abnormal lOFC activity is observed in many psychiatric disorders 36,42–44,47; this may engender 

suboptimal cognitive maps that fail to adequately evaluate risk and reward, causing persistent and potentially 

maladaptive risky decision-making 6,103,104,110,126.   

Machine learning models revealed that lOFC activity can be used to predict both risk level and choice 

on a trial-by-trial basis. Interestingly, ability to predict choice was amplified by including information about the 

previous trial’s outcome into the predictive model. Thus, population-level signaling in lOFC may draw upon 
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recent actions and outcomes to update the network and proceed through the risky decision-making process. 

Interestingly, accuracy of choice prediction from lOFC activity was lower for trials in which rats chose their non-

preferred reward (large, risky for risk-averse and small, safe for risk-preferring rats), suggesting that lOFC 

guidance of choice is biased toward the preferred option. Collectively, these data suggest that lOFC functions 

as a hub in which active and passive cognitive processes associated with risky decision-making (i.e., guiding 

action selection and signaling environmental risk) converge and cooccur.  

Conclusion 

The combined implication of our population-level, ensemble-specific, and trial-by-trial machine learning 

analyses is that the lOFC differentiates between different environmental states with distinct risk levels or 

reward magnitude, repeatedly signaling the presence of risk throughout the decision-making process. 

Furthermore, these maps of task space differ based on subjective risk-preference, suggesting that a bias 

toward risk-taking may arise from reduced lOFC signaling of risk in conjunction with exaggerated encoding of 

reward magnitude.  
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STAR METHODS 

 
SUBJECT DETAILS 
Adult, male Long-Evans rats (PND>100) were obtained from Envigo Corp and kept on a 12-hour light/dark 
cycle beginning with lights off at 7am. Rats had ad libitum access to water and food for one week following 
transportation, after which they were food restricted to 85% free feeding baseline weight to increase 
performance motivation. 
 
METHOD DETAILS 
Behavioral Apparatus 
All behavior was measured using MedAssociates (FairFax, VA) modular operant conditioning chambers 
equipped with a shock grate floor and two retractable levers flanking a food trough connected to a pellet 
dispenser. Individual lights were positioned above each lever, on the opposite wall, near the chamber ceiling, 
and at the top of the food trough (which extended to the ceiling of the chamber to minimize jostling of implanted 
electrodes). Each operant chamber is housed in a sound attenuating chamber. A rotating commutator (Plexon) 
extended through the ceiling toward the operant chamber and a small hole in the ceiling of the operant 
chamber allowed a reinforced headstage cable to connect implanted electrodes to the commutator. Custom-
written MedPC codes were used to control operant chamber functioning and to record subject behavior. 
Instrumental Shaping  
Animals went through instrumental shaping before progressing to the risky decision-making task2,. The day 
immediately prior to shaping, rats were placed in their assigned operant chambers for five minutes and a 
handful of sucrose pellets were dropped in their home cages to reduce neophobia. Shaping began with 
teaching rats to associate the food trough with reinforcer delivery by delivering 38 pellets one at a time every 
20 ± 10s, accompanied by illumination of the food trough until pellets are collected. After subjects learned to 
collect delivered pellets, they progressed to lever press shaping, wherein a single lever extended and subjects 
could earn up to 50 reinforcers in an FR-1 lever press schedule. Each lever was trained in subsequent 
sessions, with the order of lever location counterbalanced across subjects. After learning to respond on each 
lever, subjects trained to perform an extended head entry to an empty but illuminated food trough. After holding 
the head entry for 1 full second, the trough light extinguished and either the left or right lever was 
pseudorandomly extended. A response on the extended lever caused the lever to retract, delivered a single 
pellet reinforcer, and reilluminated the food trough. Failure to respond within 10s of cue presentation ended the 
trial and led to a 30s timeout period wherein all lights were extinguished. After subjects successfully completed 
35 responses on each lever, they progressed to reward magnitude discrimination. During this stage, each lever 
was assigned either a “large” or “small” reward identity (counterbalanced across subjects). A 1-second head 
entry hold pseudorandomly extended each lever in isolation 4 times. A press on the large reward lever 
delivered 3 food pellets while a press on the small reward lever delivered 1 pellet. After 4 extensions of each 
lever (for a total of 8 trials) head-entries caused both levers to extend together (“choice” trial). A press on either 
lever delivered the associated reward magnitude and retracted both levers, followed by a 10 ± 4s  intertrial 
interval (ITI). Subjects trained in magnitude discrimination until they demonstrated consistent preference for the 
large reward-associated lever, after which they progressed to the Risky Decision-making Task. 
Risky Decision-Making Task (RDT) 
During this modified version of the previously published RDT2,4, rats chose between large and small rewards, 
with the large reward accompanied by risk of footshock punishment. Each of the two blocks of trials (0 vs 50% 
risk) consisted of eight forced choice trials, followed by 40 free choice trials. Forced choice trials existed to 
inform subjects of updated risk contingencies. During each trial, the cue light above only one of the levers was 
illuminated along with the food trough, and a successful trial 1 second head entry into the illuminated trough 
caused the trough light to terminate and extended the lever below the illuminated cue light. Levers were 
presented 4 times each in pseudorandom order, such that the same lever was never presented more than 
twice in succession.  

After completion of 8 forced choice trials, rats progressed to free choice trials. These trials were 
comparable to forced choice, except both levers were available during the choice stage, enabling 
measurement of preference for safe vs risky outcomes (Fig. 1A). First, the food trough light and cue lights 
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above both levers were illuminated, then subjects initiated the trial by performing a sustained 1-second head 
entry to the illuminated food trough. Enforcing this period of nonmovement prior to lever extension facilitated 
distinct analyses of deliberation-evoked neuronal activity that was unaffected by initiation of a choice or other 
movement. Upon completing this hold, food trough and lever-cue lights were extinguished, and levers 
extended on either side of the food trough. A response on either lever retracted both levers, illuminated the 
food trough, and after a 0.5s delay delivered either a small (1 pellet) or large (3 pellets) reward. The large 
reward was accompanied with a risk of mild (0.3mA), 1-second footshock punishment delivered concurrently 
with either 0% (block 1) or 50% (block 2) of large reward choices. The order of risk blocks (ascending risk: 0% 
→ 50% or descending risk: 50% → 0%) was counterbalanced across subjects. A 10 ± 4s ITI began 15s after 
food delivery or upon food collection, whichever occurred first.   

In both forced and free choice trials, failure to begin the initiation hold or press a lever within 15s of 
stimulus presentation immediately began an ITI and marked the trial as an omission. Premature withdrawal 
from the food trough during the 1s trial initiation hold also immediately began an ITI and was recorded as a 
failure. Subjects were required to complete each trial by pressing a lever in order to progress through the task. 
Response omission or initiation failure forced subjects to repeat the uncompleted trial after the ITI. This trial-
completion criteria ensured that 1) subjects were exposed to the current risk contingencies within each block, 
and 2) there were enough free choice trials to limit the trial X trial variability in electrophysiological data 
obtained during behavior. 
Electrode Implantation Surgery 
After training in RDT, rats were implanted with drivable, 16-channel tungsten microelectrode arrays (Innovative 
Neurophysiology, Durham, NC) for single unit recording. Electrodes were implanted unilaterally above lOFC 
(+3.24 AP, +3.0 ML, −5.5. DV from skull)128. Immediately after surgery, the array was advanced 0.25mm from 
the housing cannula. After surgery, rats were restored to free-feeding schedule for five days, followed by re-
establishment of food restriction and three days of habituation to the headstage cable. They then performed in 
RDT while attached to the headstage cable until they consistently completing trials in both risk contingencies. 
Electrodes were initially positioned 1.0mm above lOFC (-4.5 DV). Once consistent behavior was obtained, 
electrodes were advanced to the target region (-5.0 DV) and neural activity was recorded during performance 
in RDT.  Electrodes were advanced again before each new session of RDT and neural activity was recorded 
between ranges of -5.0 to -6.0 DV from skull. 
Recording During Behavior 
Single-unit recording measures fluctuations in electrical activity from adjacent neurons with microelectrodes 
implanted into specific brain regions of an intact rat 61,66,129. Electrical signals were buffered by a headstage 
amplifier, then amplified and analog band pass filtered via preamplifier. Lightweight and unobtrusive electrode 
arrays, and a rotating commutator (Plexon, Dallas, TX) connected to a reinforced headstage cable ensure free 
movement. Critically, previous studies have found that comparable electrodes, headstage cable, and 
commutators do not alter action latency or task engagement in either adult or smaller adolescent rats 
66,128,130,131. Spikes were analog filtered between 300 Hz and 8 kHz and digitized at 40 kHz. The MedPC 
behavioral system controller sent TTL pulses to the neural data acquisition system to synchronize behavioral 
events with neural data. After data collection, electrical activity was manually sorted into single-units according 
to standardized techniques using spike waveform topology 66,129,132 in Plexon Offline Sorter. 
Histology 
At the end of the experiment, rats were euthanized with chloral hydrate, then perfused with saline and 10% 
formalin solution. Brains were stored in formalin solution until sectioned. For at least 24 hours before 
sectioning, brains were soaked in a sucrose solution. They were then sectioned into 60-μm coronal slices 
using a MicroTome cryostat and mounted to slides. Electrode placements was verified under a light 
microscope 66,128 
 
QUANTIFICATION AND STATISTICAL ANALYSIS 
Neuronal Population and Subpopulation Statistical Analysis Plan 

Prior to electrode implantation, acquisition of RDT was demonstrated by consistent completion of 40 choice 
trials in both the 0% and 50% risk conditions. Following surgery, risky decision-making of each subject was 
averaged across sessions from which neuronal data was analyzed. Geometric area under the curve (AUC) 
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was calculated using percent large reward choice in both blocks of RDT. A one-way ANOVA used this AUC as 
a general measure of risk preference to compare behavior between ascending and descending versions of 
RDT. Separate Repeated-Measures ANOVAs were used to examine the effect of risk on preference for the 
large reward and latency to physically choose the large reward via lever press. 

Isolated single unit data was analyzed in Neuroexplorer (Plexon, Dallas, TX) and with custom written 
Matlab functions (MathWorks, Nattick, MA). Neuronal spikes during choice trials were binned (50ms bins), 
smoothed with a 5-point moving rectangular kernel, and Z-score normalized relative to their activity during a 5 
second period of the ITI. This normalized activity was examined for units responsive to the 3 stages of the 
decision-making process (Fig 1A): deliberation, action selection, and outcome anticipation. Deliberation was 
measured during the 1s initiation hold, beginning at trough entry and ending at lever extension. Action 
selection was defined as in the quarter second period immediately preceding lever press. Outcome anticipation 
was defined as the 0.5s period between choice and outcome delivery, beginning at lever press and ending at 
reinforcer delivery.  

Neural data was investigated during each event of interest using a 3-step statistical analysis plan. First, 
mean population activity was calculated for each stage of decision-making. A unit was defined as responding 
to an event if its firing rate during the event was altered (either increased or decreased) from its baseline firing 
rate (Table 1). Overall neuronal engagement was quantified as the percent of recorded units which were 
selectively suppressed or activated during a trial stage. We further qualified neuronal engagement by 
calculating the ratio of activated/suppressed units. Separate χ2 tests for independence were used to test for 
differences between risk conditions and choice behavior in both neuronal engagement (responsive vs non- 
responsive unit counts) and the activated/suppressed ratio (activated vs suppressed vs non-responsive unit 
counts) during each stage of decision making. A Repeated-Measures ANOVA compared net population activity 
between risk conditions at each stage of decision-making. 

The second step of our statistical analysis plan assessed whether population-level analyses obscured 
neuronal encoding of RDT due to activated and suppressed neurons canceling each other out. We conducted 
separate group analyses on selectively responsive neuronal units. Units were categorized as activated or 
suppressed if they met 2 criteria: 1) a change in average z-score firing rate (either an increase or decrease 
from baseline) during the stage window, and 2) duration of change in firing rate sustained over consecutive 
50ms bins. Exact criteria for magnitude and duration of change were customized to each stage (Table 1). 

The third step of our statistical analysis plan further parsed apart neuronal encoding of RDT by comparing 
how modulations in firing rate/response topography differed between trials with 0% vs 50% risk, between trials 
in which subjects selected the large vs small reward, and how subjective risk-preference corresponds to 
differences in task-evoked neuronal responses. Repeated-Measures ANOVAs were used to compare risk-
taking vs risk-averse rats’ neuronal firing rates within specific task stages and between different risk levels 
when choosing large rewards, with the goal of determining how neuronal circuitry drives a subset of rats 
toward persistent risk-taking or aversion.  
Machine Learning Analyses 

The large, variable dataset gathered through this technique makes it optimal for advanced computational 
techniques to determine predictive relationships between features of the neuronal data and behavior. Random 
Forests (RF) models use a collection of decision trees to classify an observation in the original dataset60. First, 
a decision-tree is grown by splitting the dataset into 2 or more sets according to the feature which provides the 
most homogenous segregation of datapoints into the different classes. Each of these sets are then re-split 
using the remaining available features. This is repeated until all features have been used, at which point the 
decision-tree is “fully grown”. Fully grown decision-trees are excellent at capturing complex interactions within 
the data but are exceptionally noisy. Random forests minimize the variance of decision-trees by averaging a 
collection of de-correlated trees, a process known as bagging. Each bagged tree is then included in the forest, 
assigned a classification based on the average of its aggregate trees, and given a vote for that class. The RF 
then attempts classifying observations from the original dataset based on majority vote of the forest and 
calculates its accuracy based on these predictions. These models are extremely useful in identifying the most 
important features in classifying the dataset as well as determining the predictive quality of any given feature 
133–135. 

Here, we used RF models to investigate features of neuronal activity and determine which were most 
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relevant for encoding risky decision-making. The models were trained and tested using firing rates of each 
recorded unit on a trial-by-trial basis to classify a specific trial according to 1) choice behavior and 2) risk level 
from ensemble activity. Thus, there were 2 distinct classes which each model tried to classify: 1) safe block 
and risky block, or 2) safe choice trials or risky choice trials. The performance of the machine learning model 
was quantified using 4 distinct classification metrics: Accuracy, Precision, Recall, and F1-score (Supplemental 
Table 2). Performance metrics were deemed stable if they exhibited <5% variance within trial stage. 
Differences in lOFC encoding based on subjective risk preference were analyzed using f1-score, which is the 
harmonic mean of precision and recall and provides a more normalized metric to compared between groups. 
Within each risk group, differences in precision and recall were further compared at the level of discrete 
classes for each risk group. Separate Repeated Measures ANOVAs for risk-preferring and risk-averse rats 
were used assessed differences in lOFC encoding (precision and recall) when classifying risky choice trials vs 
when classifying safe choice trials. To test whether Random Forest decoding of lOFC activity during risky 
decision-making is sufficient to predict behavior, a linear regression was conducted to predict the average 
number of risky and safe choices by each risk-group, using Precision, Recall, and F1-score for independent 
variables. Notably, class (whether a given metric corresponds to risky or safe choice trials) and risk group were 
excluded to avoid biasing the regression model. Principal Components Analysis assessed variance in each risk 
group’s precision, recall, and f-1 score for each class. Direct oblimin rotation was conducted to aid 
interpretation. Logistic regression used the Random Forest performance metrics precision and recall for each 
case (risky choice and safe choice trials) from each trial stage to predict risk group. 
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Supplemental 1. Defining events of interest during Risky Decision-making 
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Supplemental 2. Random Forest decoding metrics within and between risk-preferring and risk-averse 
rats. A-C. lOFC activity was decoded by a parameter-optimized Random Forest (RF) model to predict whether 
a given trial occurred within the 0% risk or 50% risk condition of RDT. In both risk-preferring (A.) and risk-
averse (B.) rats, lOFC encoded the presence/absence of risk in the environment above chance and 
consistently across each stage of decision-making. Subjective risk preference did not correlate with strong 
differences in model performance (C.). D-H. lOFC encoding of choice between large, risky vs small, safe 
rewards was less consistent between and within risk-groups. In risk-preferring rats (D.), all RF metrics except 
precision dropped significantly during choice and anticipation, indicating that in risk-preferring rats lOFC 
encoding may be more relevant in comparing upcoming choice options, rather than in directing action selection 
or anticipation. In risk-averse rats (E.) precision was elevated above other metrics during deliberation and 
choice, but all metrics rose to equal levels during anticipation, indicating that in risk-averse rats lOFC encoding 
may be more relevant in generating predictions for upcoming events. This difference in prioritization of lOFC 
encoding between risk groups is reflected in less consistent model performance between risk groups (F.), 
particularly during deliberation. This discrepancy between risk groups is largely influenced by differences in 
lOFC encoding of preferred vs non-preferred choice trials (G,H). RF precision and recall dropped drastically in 
trials where risk-preferring rats chose small, safe rewards (G.) and where risk-averse rats chose large, risky 
reward Furthermore, precision and recall varied much more drastically for risk-preferring rats (G.) than for risk-
averse rats (H.), indicating a that excessive risk preference may be related to an inefficiency in lOFC encoding 
during risky decision-making. 
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Supplemental 3. Populations activity decoding to predict current risk conditions on a trial-by-trial 
basis. Confusion matrices for RF classification for each trial as belonging in the 0% or 50% risky block of RDT 
in deliberation (col 1), action selection (col 2) and anticipation (col 3). The generalized model misclassified very 
few trials during deliberation (A.). Confusion matrices also did not strongly differ between risk-averse (D.) or 
risk-preferring (G.) rats during deliberation. More trials were misclassified during action selection (B.) and 
anticipation (C.), with a slight bias toward classifying trials as occurring in the safe block during action 
selection. Increased misclassifications occurred during action selection and anticipation for both risk-averse 
(E,F) and risk-preferring (H,I) rats. Interestingly, when parsing RF classifications by subjective risk preferences, 
lOFC activity appears biased toward encoding trials as occurring in the risky block, and this bias was present 
during both action selection and anticipation. 
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Supplemental 4. Machine Learning Classification Metrics. TN = True negative predictions. TN = True 
positive predictions. FN = False negative predictions. FP = False positive predictions. 

 

Classification 
Metric 

Definition Formula 

   

Accuracy Percent of correctly classified 
trials  Accuracy �

TN 
 TP

TN 
 FP 
  TP 
 FN
 

Precision Percent positive predictions 
that are correct Precision �

TP

TP 
 FP
 

Recall Percent positive cases correctly 
identified Recall �

TP

TP 
 FN
 

F1-Score The ratio of Precision to Recall 
F1 � Score � 2 �

Precision � Recall

Precision 
 Recall
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