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Abstract 28 

Some decisions, such as selecting a food item in a novel menu, are not based on rational norms, or on 29 

trained habits, but on subjective preferences. How the human brain makes these preference-based 30 

decisions is still debated in cognitive neuroscience. Classical models focus on the comparison 31 

mechanism that achieves the selection of the option with best expected value. Recent models suggest 32 

that estimates of option values are refined until reaching sufficient confidence in the considered choice. 33 

Neuroimaging studies in humans and electrophysiology studies in animals have gathered evidence that 34 

value and confidence estimates are both represented in medial and lateral regions of the orbitofrontal 35 

cortex (OFC). Here, we took advantage of electrodes implanted within the OFC of human patients with 36 

pharmaco-resistant epilepsy (14 women, 12 men) to investigate whether value and confidence estimates 37 

can be dissociated in electrophysiology activity recorded during preference-based binary decisions. The 38 

overall value (liking ratings summed over options) and choice confidence (selection probability of the 39 

chosen option) were identified in low-frequency (4-8 Hz) OFC activity. These value and confidence 40 

signals were time-locked to the decision, showed opposite signs of correlation and were recorded in 41 

separate sites. This pattern of results is not consistent with the simulations of an attractor neural network 42 

model implementing a comparison of option values. However, it is compatible with the notion of a 43 

neural network generating sparse representations of option values and choice confidence estimates, 44 

based on which decisions can be made.   45 
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Significance statement 46 

The orbitofrontal cortex (OFC) is known to play a critical role in decisions based on subjective 47 

preferences, such as choosing between food items in a menu. However, the information provided by the 48 

human OFC has remained elusive, due to limitations of neuroimaging techniques. Here, taking 49 

advantage of electrodes implanted in patients for clinical purposes, we present a rare dataset of 50 

electrophysiological activity recorded during preference-based decisions. Our analyses suggest that the 51 

OFC signals two distinct constructs on which decisions could be based: the subjective values of available 52 

options and the confidence in the intended choice.   53 



 4 

Introduction 54 

Cheese or dessert? Bowling or dancing? Art or science? Many choices, from mundane activities to 55 

career paths, are based on subjective preferences rather than normative principles. How the human brain 56 

makes these so-called preference-based decisions is a central question in cognitive neuroscience.  57 

At the computational level, the decision process is traditionally decomposed into 1) valuation 58 

of choice options, and 2) selection of the best option. Valuation is understood as an integration over 59 

attributes of choice options, and selection reduced to a comparison between option values (Glimcher & 60 

Rustichini, 2004; Rangel et al., 2008; Padoa-Schioppa, 2011). However, these simple computational 61 

accounts only solve the problem of which option should be selected, not when the decision should be 62 

made. To address that issue, evidence accumulation models were borrowed from theories of perceptual 63 

decision and applied to preference-based decisions (Krajbich et al., 2010; Philiastides et al., 2010). 64 

These models assume that the relative preference for a given option is accumulated over time, until it 65 

reaches a bound that triggers the choice. Although passive accumulation makes sense for perceptual 66 

evidence, which is a noisy indicator of some external feature (such as light), it cannot capture the 67 

formation of subjective preference, which must be internally constructed from information stored in 68 

memory. For this reason, accumulation models were reframed as a tradeoff between the time invested 69 

in deliberation and the confidence gained in preference estimation (Lee & Daunizeau, 2021; Bénon et 70 

al., 2024). In this perspective, the brain would need to estimate both the value of choice options and the 71 

confidence in the forthcoming decision.  72 

 At the neural level, value and confidence estimates were both linked to activity in the 73 

orbitofrontal cortex (OFC). In humans, fMRI studies identified the ventromedial prefrontal cortex 74 

(vmPFC) as a key valuation node, notably during liking rating or even during distractive tasks (Lebreton 75 

et al., 2009; Levy et al., 2011; Shenhav & Karmarkar, 2019; Suzuki et al., 2017). In non-human primates, 76 

single-unit electrophysiology studies found value signals in both the vmPFC and the lateral OFC 77 

(Tremblay & Schultz, 1999; Padoa-Schioppa & Assad, 2006; Strait et al., 2014; Abitbol et al., 2015). 78 

Bridging across techniques and species, we previously recorded intracerebral EEG (iEEG) activity from 79 

electrodes implanted in human patients with pharmaco-resistant epilepsy, and found evidence for value 80 

signals during liking rating, in both the vmPFC and the lOFC, which we designate together by the global 81 



 5 

label ‘OFC’ (Lopez-Persem et al., 2020). Confidence was also related to vmPFC activity by human 82 

fMRI studies, during both perceptual decisions (Bang & Fleming, 2018; Gherman & Philiastides, 2018; 83 

Rouault et al., 2023) and preference-based decisions (De Martino et al., 2013).  84 

However, the dissociation of value and confidence signals is not straightforward. It is easier 85 

during rating tasks, in which confidence varies as a quadratic (U-shaped) function of value (Lebreton et 86 

al., 2015; De Martino et al., 2017). It is trickier during choice tasks, in which OFC activity typically 87 

reflects the difference between chosen and unchosen option values (Gläscher et al., 2009; Chau et al., 88 

2014; Gherman & Philiastides, 2018). Despite being related to value comparison, this difference signal 89 

is close to a notion of confidence, defined as the subjective probability of making the right choice. A 90 

seminal MEG study (Hunt et al., 2012) concluded that the vmPFC reflects first the sum and then the 91 

difference of option values. Using fMRI, we generalized this distinction to identify brain regions 92 

signaling value and confidence across rating and choice tasks (Clairis & Pessiglione, 2022). There was 93 

an overlap, with value being represented in more posteroventral, and confidence in more anterodorsal 94 

parts of the medial prefrontal cortex. Thus, fMRI recordings suggest a spatial gradient, whereas MEG 95 

recordings suggest a temporal dissociation between value and confidence signals. 96 

Leveraging iEEG spatial and temporal resolution, our aims here were to test whether value and 97 

confidence signals, recorded within the OFC while patients performed preference-based decisions, 98 

could be dissociated in space and/or time.  99 
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Methods 100 

Participants  101 

35 participants (37.9 ± 10.7 years, 21 females) were informed and gave written consent to their inclusion 102 

in the study. Participants were the same as described in our previous study (Lopez-Persem et al., 2020). 103 

They were patients with pharmaco-resistant focal epilepsy who were stereotactically implanted with 104 

multilead depth electrodes as part of a pre-resection procedure. Surgical implantations and iEEG 105 

recordings took place in three different epilepsy departments: Lyon (n = 18), Grenoble (n = 6) and Paris 106 

(n = 11). Procedures were approved by French Ethics Committee (CPP 09-CHUG-12, study 0907 for 107 

Lyon and Grenoble; CPP Paris VI, Pitié-Salpêtrière Hospital, INSERM C11-16 for Paris).  108 

 109 

Recordings  110 

Intracerebral activity was recorded in patients after the stereotactical implantation of multilead depth 111 

electrodes (as described in Lachaux et al., 2003; Lopez-Persem et al., 2020). In Grenoble and Lyon, 12 112 

to 18 semi-rigid 0.8-mm-wide electrodes, with 6 to 18 leads of 2 mm positioned 1.5-mm apart (Dixi), 113 

were implanted in each patient, depending on the targeted region. Anatomical localization of electrode 114 

contacts was determined by positioning individual stereotactic scheme in the proportional atlas of 115 

Talairach and Tournoux (Talairach & Tournoux, 1988), after adjustment for brain size. Brain activity 116 

was recorded using an audio-video-EEG monitoring system (Micromed), equipped with 128 or 256 117 

depth-EEG channels sampled at 512 Hz (0.1 to 200 Hz bandwidth). A contact located in the white matter 118 

served as a reference.  119 

In Paris, brain activity was recorded using a Neuralynx system (ATLAS, Neuralynx, Inc.), via 120 

4-to-12 platinum contact, 1-mm-wide, 1.6-mm-long, nickel-chromium wired electrodes (AdTech). The 121 

contacts were anatomically localized on the basis of post-implant CT scans coregistered to pre-implant 122 

1.5-T MR scans. A bandpass filter (0.1 Hz to 1,000 Hz) was used and the least active electrode (in the 123 

white matter whenever possible) was set as reference. Anatomical localization in the MNI space was 124 

automatically recovered using the Epiloc toolbox (v.V1, STIM engineering facility at the Paris Brain 125 

Institute; García-Pérez et al., 2015).  126 
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Before preprocessing, all contacts were re-referenced to their nearest neighbor on the same 127 

electrode, yielding bipolar derivations for signal analysis. 128 

 129 

Experimental tasks  130 

Participants completed two tasks: a likeability rating task in which they rated how much they would like 131 

to receive each of the items that were presented on screen sequentially, and a binary choice task in which 132 

they chose between two items presented simultaneously the one they would prefer to receive. The results 133 

related to the rating task have already been reported (Lopez-Persem et al., 2020).  134 

Behavioral tasks used in Paris were programmed on a PC using Matlab 2013 and the Cogent 135 

2000 (Wellcome Department of Imaging Neuroscience, London, UK) library of Matlab functions for 136 

stimulus presentation. Behavioral tasks used in Lyon and Grenoble were programmed using 137 

Presentation software (v.16.5, Neurobehavioral Systems). A set of 60 food items was used in Paris (for 138 

60 rating and 60 choice trials), and 120 food items in Lyon and Grenoble (for 120 rating and 120 choice 139 

trials). All trials started with a fixation cross lasting for 1,500 ± 500 ms in rating tasks and for 2,500 ± 140 

500 ms in choice tasks. There was no time limit for making the response (rating or choice). 141 

In the likeability rating task (Fig. 1A, top panel), participants rated how much they liked food 142 

items, presented one by one in a random order, on a 21-step scale (from –10 to 10). For each rating, the 143 

initial position of the cursor was randomized. Using their right hand, participants could move it by 144 

pressing the left and right arrows on the keyboard and then validate its final position by pressing the 145 

space bar. 146 

 In the binary choice task (Fig. 1A, bottom panel), participants expressed their preference 147 

between food items presented two by two. Likeability ratings were used to pair the food items such that 148 

in half the trials, the mean option value was varied while the distance was kept constant, and vice versa 149 

for the other half. Mean value is the average of likeability ratings and distance the unsigned difference 150 

between the two. The position of food items within a pair (left or right of fixation cross), and the 151 

presentation order of option pairs within a block (constant-mean or constant-distance), were pseudo-152 

randomized. Participants indicated which item they preferred by pressing the left or right arrow of the 153 

keyboard. 154 
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 155 

Behavioral data analysis.  156 

Only trials with 0.1 < RT < 10 s were included in the analysis (15 trials removed out of 2398 trials in 157 

total). Likeability ratings (z-scored) were taken as option values for the analysis of binary choices. We 158 

first tested the psychometric properties of choice behavior to check that participants had understood the 159 

tasks, with 1) a logistic regression of choice against the signed difference between option values and (2) 160 

a linear regression of RT against the distance (unsigned difference) between option values. Unless 161 

otherwise specified, all regressions were conducted at the individual level and tested for significance at 162 

the group level, using two-tailed, paired t-tests (random-effect analysis). All statistical analyses were 163 

performed using Matlab Statistical Toolbox (Matlab R2020a, The MathWorks, Inc.). 164 

 165 

ROI definition.  166 

The Automated Anatomical Labelling (AAL; Tzourio-Mazoyer et al., 2002) atlas was restructured as 167 

explained in our previous study (Lopez-Persem et al., 2020). The vmPFC ROI was defined by merging 168 

the regions labeled as gyrus rectus and frontal medial orbital, and the lOFC ROI by merging the frontal 169 

superior orbital and the frontal middle orbital regions. Coordinates of recording sites were calculated by 170 

averaging the MNI coordinates of the two contacts composing the bipolar derivation. The original 171 

dataset included a total of 4,273 recording sites in 35 participants. Among the 3,440 remaining recording 172 

sites after removal of those with low-quality signal, 204 sites were located within one of our OFC ROI 173 

(vmPFC + lOFC; Fig. 2).  174 

 175 

Electrophysiological signal processing.  176 

Recorded iEEG activity was analyzed using the FieldTrip Matlab toolbox for electrophysiological 177 

analysis (http://www.ru.nl/neuroimaging/fieldtrip; Oostenveld et al., 2011) as well as homemade Matlab 178 

scripts. Derivations were computed between adjacent recording sites, from a same electrode, yielding a 179 

bipolar montage. Because contributions from non-local assemblies were cancelled out, the signal was 180 

considered as originating from a cortical volume centered in-between the two contacts, referred to as 181 
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the recording site (Jerbi et al., 2009). The signal was band-pass filtered (2-200 Hz) and the 50-Hz line 182 

noise was notch-filtered out.  183 

 Next, iEEG signal was decomposed using a ‘multitapering’ time-frequency transform (Slepian 184 

tapers, lower frequency range: 2-32 Hz, 6 cycles and 3 tapers per window; higher frequency range: 32-185 

200 Hz, fixed time windows of 240 ms, 4-31 tapers per window). To enable more precise power 186 

estimation, smoothing was adaptively increased across frequencies by using a constant number of cycles 187 

across frequencies up to 32 Hz (hence a time window that expands when frequency increases), and a 188 

fixed time window with an increasing number of tapers above 32 Hz. 189 

For the frequency-specific analysis, continuous iEEG signals were first bandpass filtered in sub-190 

bands of 1-Hz width using a zero-phase shift, noncausal, finite impulse filter with 0.5-Hz roll-off. The 191 

envelope of each sub-band was then computed using the standard Hilbert transform. The resulting 192 

envelope signal, i.e., time-varying amplitude, was down-sampled to 64 Hz (duration of a time sample: 193 

15.625 ms), and normalized (divided by its mean across the entire recording session and multiplied by 194 

100). A single timeseries was then estimated by averaging envelopes across sub-bands. Of note, the 195 

mean value of timeseries over the entire session is 100 for each band, by construction. This procedure 196 

was meant to counteract the bias favoring higher frequencies induced by the 1/f drop-off in amplitude. 197 

 198 

Electrophysiological data analysis.  199 

Analyses of iEEG activity were first focused on the standard θ band (4-8 Hz), because it matches with 200 

both the low-frequency range in which value and confidence signals were initially observed (Hunt et 201 

al., 2012) and with the main cluster of choice-evoked increase in power (see Fig. 3A). Frequency-202 

specific time series of iEEG activity recorded from each site were epoched on trial durations with two 203 

possible time-locking: either to stimulus onset (option display) or response selection (button press). For 204 

each time point, the signal was then regressed across trials against a general linear model (GLM):  205 

where baseline is the mean signal over the [–1, 0]-s pre-stimulus time window, Val the sum of chosen 206 

and unchosen option values, Conf the probability that the chosen option is the best (provided by the 207 

 𝑠𝑖𝑔𝑛𝑎𝑙 = 	𝛽! + 𝛽" ∙ 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝛽# ∙ 𝑉𝑎𝑙 + 𝛽$ ∙ 𝐶𝑜𝑛𝑓 + 𝛽% ∙ #𝑡𝑟𝑖𝑎𝑙 + 𝛽& ∙ 𝑅𝑇 + 𝜀 (Eq. 1) 
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logistic function of chosen-minus-unchosen option value difference), #trial the trial number, and RT the 208 

response time. All regressors were serially orthogonalized (from left to right).  209 

Statistical significance of regression estimates was computed across recording sites (n = 204), 210 

using two-tailed one-sample t-tests. Two corrections for testing multiple time/frequency points were 211 

implemented. The first is Bonferroni correction, which consists in dividing the significance threshold 212 

by the number of data points. The second correction integrates statistical dependencies across 213 

frequencies and time points, which were estimated based on random-field theory, using the 214 

VBA_toolbox (available at http://mbb-team.github.io/VBA-toolbox/; Daunizeau et al., 2014).  215 

Several control analyses were conducted to assess the solidity of the findings. To ensure that 216 

results were not driven by particular individuals, an intercept per participant was added as a random 217 

factor in a mixed-effect GLM (using Matlab function fitglme) and residual regression estimates within 218 

a peri-response [–0.5 s, 0.5 s] time window were tested against zero. Another control analysis was run 219 

to address the issue that Val and Conf constructs are partially correlated, as they share a common term 220 

(the chosen option value). The regressors were orthogonalized in the GLM but this orthogonalization 221 

itself could generate spurious correlations. To mitigate potential artifacts due to the orthogonalization 222 

of regressors in the main GLM (Eq. 1), the analysis was repeated with a GLM that included only Val 223 

(without Conf) or only Conf (without Val):  224 

Another issue is that the GLM approach would fail to detect correlates of Val and Conf if the sign of 225 

regression estimates is not consistent across electrodes. The GLM analysis was complemented by an 226 

estimation of explained variance, which is agnostic about the sign of the association between the signal 227 

and the variable of interest, as is classically done in iEEG studies (e.g., Saez et al., 2018). Because there 228 

was some correlation between Val and Conf, the analysis was conducted for each variable in the null 229 

space of the other variable (i.e., after removing the variance explained by the other variable). The 230 

direction of the regression was reversed: Val and Conf (corrected for the other variable) were regressed 231 

against the signal (also corrected for the other variable). Regression estimates were then used to generate 232 

the Val and Conf predicted by the signal, which were correlated to the observed Val and Conf. The 233 

 𝑠𝑖𝑔𝑛𝑎𝑙 = 	𝛽! + 𝛽" ∙ 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝛽# ∙ 𝑉𝑎𝑙 + 𝛽$ ∙ #𝑡𝑟𝑖𝑎𝑙 + 𝛽% ∙ 𝑅𝑇 + 𝜀 (Eq. 2) 

 𝑠𝑖𝑔𝑛𝑎𝑙 = 	𝛽! + 𝛽" ∙ 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝛽# ∙ 𝐶𝑜𝑛𝑓 + 𝛽$ ∙ #𝑡𝑟𝑖𝑎𝑙 + 𝛽% ∙ 𝑅𝑇 + 𝜀 (Eq. 3) 
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variance in Val or Conf explained by the signal is simply the square of the correlation coefficient. 234 

Statistical significance was then assessed by comparing the obtained variance to the null, estimated 235 

using 200 random permutations of trial numbers. 236 

 We also investigated the extent to which Val and Conf signals are originating from the same 237 

recording sites. To that end, we computed a single regression estimate per site by fitting the main 238 

Val/Conf GLM (Eq. 1) to the mean θ signal over the peri-response [–0.5 s, 0.5 s] time period. The 239 

correlation of the resulting Val and Conf regression estimates was tested across recording sites using 240 

Pearson’s coefficient. Significance at the site level was assessed by comparing regression estimates 241 

against zero using a t-test. This test served to identify the sites exhibiting a significant correlation with 242 

either Val or Conf, or both. The figures that display the localization of Val and Conf signals on frontal 243 

and sagittal slices of the anatomical MNI brain template were made using the FSL function fslmaths (to 244 

create the anatomical mask of the recording sites; Jenkinson et al., 2012) and MRIcroGL (to 245 

superimpose the anatomical mask onto the MNI template; www.nitrc.org/projects/mricrogl). 246 

The spatial distribution of Val and Conf signals within the OFC was investigated to test for a 247 

dissociation between vmPFC and lOFC regions (along the mediolateral x-axis), and for a posteroventral-248 

to anterodorsal gradient (along the yz axis) that was previously observed for value and confidence in the 249 

medial prefrontal cortex (De Martino et al., 2017; Clairis & Pessiglione, 2022). Peri-response Val and 250 

Conf signals (i.e., regression estimates across trials) were regressed against MNI coordinates of each 251 

axis separately, as well as the composite yz-axis:  252 

To better specify Val and Conf signals, the significant recording sites driving the main result 253 

(negative correlation with Val and positive correlation with Conf) were selected and their θ activity was 254 

regressed against additional GLMs including either chosen and unchosen option values (Ch and Unch) 255 

or reaction time (RT): 256 

Medial-lateral  𝛽'()/+,-. =	𝛽! + 𝛽" ∙ |𝑥| + 𝜀 (Eq. 4) 

Posterior-anterior 𝛽'()/+,-. =	𝛽! + 𝛽" ∙ 𝑦 + 𝜀 (Eq. 5) 

Ventral-dorsal  𝛽'()/+,-. =	𝛽! + 𝛽" ∙ 𝑧 + 𝜀 (Eq. 6) 

Posteroventral-anterodorsal  𝛽+,-. − 𝛽'() =	𝛽! + 𝛽" ∙ =𝑦# + 𝑧# + 𝜀 (Eq. 7) 
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Note that the unchosen value regressor (Unch) was not orthogonalized to the chosen value regressor 257 

(Ch) in Eq. 8.  258 

Additionally, the mean θ activity over the peri-response [–0.5 s, 0.5 s] time period was compared 259 

between trials presenting easy vs. hard choices (sorted by median-split of distance between option 260 

values) and between trials ending with consistent vs. inconsistent choice (consistent meaning that the 261 

best-rated option was selected). 262 

 263 

Value-comparison model simulations.  264 

We simulated the choices that an attractor network model would make when offered the same options 265 

as our participants. The model used to simulate the value-comparison process is a mean-field reduction 266 

(detailed in Wong & Wang, 2006) of a spiking neuronal network (described in Wang, 2002) that was 267 

adapted to the case of economic binary choice (by Hunt et al., 2012). The network is reduced to two 268 

units, each receiving external input currents proportional to the value of one specific option, as well as 269 

noisy background input that resembles endogenous noise in the cortex. Synaptic connections include an 270 

excitatory recurrent coupling onto each unit and an effective inhibitory coupling to the other unit. The 271 

firing rate of each unit is then calculated as a monotonic function of the total synaptic input (integrating 272 

external and internal currents). We kept the specifics of the script kindly provided by Laurence Hunt, 273 

except for adjustments to our task and participants: 274 

1) The number of simulated datasets was increased to 26 (number of participants included in the 275 

present study), and the number of trials to 60 or 120 (depending on the version of the task that 276 

was performed).  277 

2) Actual likeability ratings were used for option values, after normalization to match the range of 278 

values used in the initial simulations (Hunt et al., 2012). 279 

3) The duration was increased ([–1, 5] s, stimulus-locked) to ensure that a decision was reached. 280 

Stimulation (input values) was suppressed 1 s after it started, to match the RT95% of participants. 281 

 𝑠𝑖𝑔𝑛𝑎𝑙 = 	𝛽! + 𝛽" ∙ 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝛽# ∙ 𝐶ℎ + 𝛽$ ∙ 𝑈𝑛𝑐ℎ + 𝛽% ∙ #𝑡𝑟𝑖𝑎𝑙 + 𝛽& ∙ 𝑅𝑇 + 𝜀 (Eq. 8) 

 𝑠𝑖𝑔𝑛𝑎𝑙 = 	𝛽! + 𝛽" ∙ 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝛽# ∙ 𝑅𝑇 + 𝜀 (Eq. 9) 
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4) The input strength parameter was adjusted (kopt = 0.225) to match the average choice consistency 282 

(i.e., the proportion of trials in which the best-rated option is selected) observed across our 283 

participants. 284 

Simulations were done separately for each participant and were then averaged across participants. We 285 

then added a couple of extra-simulations. First, we time-locked the activity to the decision, defined when 286 

one of the units reached a fixed threshold of 30 Hz (as was done in Hunt et al., 2012). The total activity 287 

of the network (synaptic current summed over the two units) was then regressed across trials against the 288 

same GLM as done with iEEG activity (with left-to-right serial orthogonalization): 289 

 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 	𝛽!+	𝛽" ∙ 𝑉𝑎𝑙 + 𝛽# ∙ 𝐶𝑜𝑛𝑓 + 𝛽$ ∙ #𝑡𝑟𝑖𝑎𝑙 + 𝛽% ∙ 𝑅𝑇 + 𝜀 (Eq. 10) 

Note that we have not decomposed the simulated activity into frequency bands, because specific 290 

oscillations can be arbitrarily generated by changing the time constants and noise parameters in the 291 

model.   292 
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Results 293 

Choice behavior 294 

For our purposes, we restricted our sample to the subgroup of patients with electrical contacts in the 295 

OFC (n = 26, age = 37.2 ± 10.2 years, 14 females), who performed both likeability rating and binary 296 

choice tasks (Fig. 1A). Likeability ratings were used as proxies for the values assigned to options in the 297 

analysis of choice behavior. Choice rate (frequency of left choice) was significantly related to decision 298 

value (difference between left and right option value) in a logistic regression model (βVl-Vr = 1.89 ± 0.21, 299 

tVl-Vr(26) = 9.07, pVl-Vr = 2.23⋅10-9; Fig. 1B, top panel). Choice reaction time (RT) was significantly 300 

related to choice easiness (i.e., negatively correlated to the distance between option values) in a linear 301 

regression model (β½Vl-Vr½ = -0.21 ± 0.04, t½Vl-Vr½(26) = -5.47, p½Vl-Vr½ = 1.12⋅10-5; Fig. 1B, bottom 302 

panel). Thus, standard psychometric measures confirmed that patients were making decisions based on 303 

their subjective preferences. 304 

 We also checked the psychometric properties of our two key constructs for value and 305 

confidence, noted Val (for the sum of option values) and Conf (for the probability that the chosen option 306 

is best). The variations of Val and Conf with distance, conditioned on choice consistency (i.e., on 307 

whether or not the best-rated option was chosen), are shown in Extended Data Fig. 1-1. Val globally 308 

decreased with distance (mean r = –0.27), irrespective of choice consistency. The distribution of choice 309 

trials reflects the variations along horizontal and vertical lines, corresponding to the blocks with constant 310 

mean and constant distance, respectively. Conf globally increased with distance (mean r = –0.49), but 311 

the slope depended on choice consistency: it was positive for consistent choices and negative in 312 

inconsistent choices. This pattern demonstrates a well-known property of confidence, which increases 313 

with evidence when choice is correct, and decreases when choice is incorrect (Sanders et al., 2016; Urai 314 

et al., 2017; Rouault et al., 2023). The reverse pattern was observed with RT, as could be expected from 315 

the negative relationship between Conf and RT (mean r = –0.29), which has been repeatedly observed 316 

(e.g., De Martino et al., 2013; Clairis & Pessiglione, 2022). 317 

 318 
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 319 

Figure 1. Behavioral tasks and results.  320 

A) Example task trials. Successive screenshots are shown from left to right, with durations in milliseconds (except for 321 

responses, which were self-paced). Top panels: in the rating task (short version), participants rated the likeability of food items 322 

by moving a cursor on a visual analog scale (as reported in Lopez-Persem et al., 2020). The cursor was moved using the left 323 

and right arrows of the keyboard and the rating was validated by pressing the space bar. Bottom panels: in the choice task (short 324 

version), participants selected their preferred food item by pressing the left or right arrow of the keyboard.  325 

B) Behavioral results of participants with electrodes implanted in the orbitofrontal cortex (OFC, n = 26). Left panel: choice 326 

rate was fitted using a logistic regression against the signed decision value (difference between left and right option values). 327 

Right panel: response time (RT) was fitted using a linear regression against the unsigned decision value. In both graphs, error 328 

bars and shaded areas are inter-participant SEM of observed data and model fits, respectively. See Extended Data Figure 1-1 329 

for the distributions of value, confidence and RT plotted as a function of distance and conditioned on choice consistency. 330 

	331 

iEEG activity 332 

We took advantage of electrodes implanted in a total of 26 patients to record iEEG activity from 204 333 

contacts (Fig. 2) located in the lOFC, defined as in our previous study (Lopez-Persem et al., 2020) using 334 

the Automated Anatomical Labeling (AAL, see Methods) by merging the vmPFC (n = 66 sites: 1 to 9 335 

sites per patient, mean of 2.64 ± 0.37 sites) and lOFC (n = 138 sites: 1 to 16 sites per patient, mean of 336 

5.75 ± 0.80 sites). 337 

 338 
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 339 

Figure 2. Anatomical localization of recording sites in the orbitofrontal cortex (OFC).  340 

Each recording site was positioned in the MNI space and labelled according to the AAL atlas, as explained in Lopez-Persem 341 

et al. (2020). Colored voxels show the location of recording sites in the ventromedial prefrontal cortex (vmPFC, 66 sites in 342 

cyan) and the lateral orbitofrontal cortex (lOFC, 138 sites in magenta). Frontal slices at the top and axial slices at the bottom 343 

correspond to planes illustrated with vertical and horizontal bars, respectively, on the lateral view of the brain (in the top left 344 

corner). Numbers indicate their MNI y and z coordinates (in mm). 345 

 346 

 We first examined which frequency bands would show power modulation during the choice 347 

process relative to baseline. The time/frequency decomposition of trial-wise iEEG signals (full range: 348 

2-150 Hz) revealed a significant power increase in low-frequency activity (Fig. 3A), around the θ range 349 

(4-8 Hz), that started with stimulus onset and ended with button press. There was also a significant 350 

power decrease in higher frequency bands, around the β range (13-30 Hz), that lasted after button press 351 

and was previously described as movement-related desynchronization (e.g., Meyniel & Pessiglione, 352 

2014). When doing this analysis separately for vmPFC and lOFC recording sites (Extended Data Fig. 353 

3-1A), we observed a qualitatively similar pattern in the two regions but a weaker θ increase in the 354 

vmPFC relative to lOFC, probably due to a lower number of electrodes implanted in this region. 355 

To investigate the neural correlates of value and confidence, we focused on the θ range, because 356 

it showed the highest evoked response in our dataset and because the electrophysiological correlates of 357 

value sum and difference were previously observed in a low-frequency range (Hunt et al., 2012). The 358 

parametric modulation of iEEG activity across trials was investigated by fitting to every time point a 359 
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GLM that included our regressors of interest (Val and Conf) together with a trial-wise baseline (mean 360 

signal between –1 and 0 s pre-stimulus), as well as trial number and reaction time (RT). Surprisingly, 361 

regression estimates were more clearly modulated when time-locking iEEG signals to the response and 362 

showed opposite signs for Val and Conf (Fig. 3B). Indeed, θ power was negatively correlated with Val 363 

(from –0.61 to 0.25 s post-response, with peak βVal = –0.032 ± 0.009, tVal(203) = –3.65, pVal = 3.38⋅10–364 

4) and positively correlated with Conf (from 0.016 to 0.41 s post-response, with peak βConf = 0.028 ± 365 

0.007, tConf(203) = 4.01, pConf = 8.53⋅10–5). Of note, this result remained significant when including 366 

patient identity as a random factor in the group-level analysis (within the [–0.5 s, 0.5 s] time window: 367 

βVal = –0.014 ± 0.004, tVal(203) = –3.48, pVal = 6.22⋅10–4; βConf = 0.010 ± 0.005, tConf(203) = 2.01, pConf = 368 

4.59⋅10–2), suggesting that it was not driven by a minority of individuals.  369 

 370 

 371 

Figure 3. Val and Conf signals in low-frequency iEEG activity. 372 

For each recording site located in the OFC, trial-by-trial iEEG time series were time-locked either to stimulus onset (left panels) 373 

or button press (right panels). The time window is restricted to the interval around choice (RT95% is the duration at which choice 374 

is still ongoing in 95% of trials; –RT95% is the time at which options are already on screen in 95% of trials). The same analysis 375 

was applied to each site and results were then averaged across sites.  376 

A) Time-frequency decomposition of the evoked response. Power at each frequency is corrected for baseline activity (mean 377 

over a 1-s pre-stimulus time window). Contour lines indicate significant clusters surviving Bonferroni correction for multiple 378 
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comparisons. For the results of the same analysis considering each separate sub-region (the vmPFC and the OFC), see Extended 379 

Data Figure 3-1. 380 

B) Time course of Val and Conf regression estimates (β). At each time point, power in the θ range (4-8 Hz) was regressed 381 

against Val and Conf, which were orthogonalized and included in the same GLM. Significance level (uncorrected p-value) is 382 

estimated using a t-test of regression estimates against zero, across recording sites. Horizontal red dotted lines indicate the 383 

Bonferroni-corrected statistical threshold; p-values are highlighted in bold when they survive correction based on random-field 384 

theory (RFT). For the results of the same analysis considering each separate sub-region (the vmPFC and the OFC), see Extended 385 

Data Figure 3-1. 386 

C) Variants of the response-locked analysis presented in panel B, with Val and Conf regression coefficients estimated from 387 

two separate GLMs (top graph) or with explained variance instead of regression estimates (bottom graph). In the latter case, 388 

chance level under the null hypothesis was estimated using permutations (see Methods). 389 

 390 

When doing this analysis separately for the two OFC subregions (Extended Data Fig. 3-1B), we 391 

observed that the association with Val was significant in the vmPFC and the association with Conf was 392 

significant in the lOFC sites. However, we could not conclude for a dissociation, because the effects 393 

were qualitatively similar in the two regions (just passing the threshold in one case and not the other). 394 

They both showed a stronger association (negative for Val and positive for Conf) with iEEG activity 395 

when time-locked to responses rather than stimuli. 396 

These results confirm the presence of information about overall value and choice confidence in 397 

low-frequency OFC activity, over a peri-response time period. To check that the results were not 398 

artefacted by the orthogonalization of Val and Conf regressors when included in a single GLM, we 399 

repeated the regression analysis with a GLM that contained only Val (without Conf) or only Conf 400 

(without Val), plus the regressors of no interest. The results (Fig. 3C, top panel) were virtually 401 

unchanged, showing that Val and Conf were capturing separate parts of variance in iEEG activity. Then 402 

we conducted an analysis that is agnostic about the sign of correlation by reversing the logic and 403 

computing how much variance in value and confidence would be explained by iEEG activity (Fig. 3C, 404 

bottom panel). Significant information about Val was found from –0.48 to 0.17 s post-response (peak 405 

r2
Val = 1.92 ± 0.21%, tVal(203) = 3.39, pVal = 4.20⋅10–4) and significant information about Conf from –406 

0.53 to –0.094 s post-response (peak r2
Conf = 1.91 ± 0.21%, tConf(203) = 3.05, pConf = 1.30⋅10–3). This 407 
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analysis confirmed the presence of both value and confidence representations in OFC low-frequency 408 

activity, peaking at about the same time just before the response. 409 

 To explore whether associations with Val and Conf would be present in other frequency bands, 410 

we extended the GLM analysis to the full time/frequency space (Fig. 4A). Although the negative 411 

correlation with Val and positive correlation with Conf are visible in the low-frequency area (4-8 Hz), 412 

no cluster survived correction for multiple comparisons, due to the high number of time/frequency data 413 

points. However, a simple median-split analysis, comparing trials with high vs. low Val and high vs. 414 

low Conf, yielded globally similar maps but with significant clusters (Fig. 4B). This analysis extends 415 

our conclusions based on θ-range activity, the negative association with Val being also observed in d-416 

range, a-range and β-range clusters, and the positive association with Conf in a-range clusters, all 417 

emerging within a peri-response time window (i.e., [–0.5 s, 0.5 s] around choice). 418 

 419 

 420 

Figure 4. Val and Conf signals across frequency bands of iEEG activity.  421 

For each recording site located in the OFC, trial-by-trial iEEG time series were time-locked to button press and epoched around 422 

choice (–RT95% is the time at which options are already on screen in 95% of trials). The same analysis was applied to each site 423 

and results were then averaged across sites.  424 

A) Regression estimates obtained for Val (left map) and Conf (right map) regression estimates. 425 

B) Contrasted power between high vs. low Val (left map) or high vs. low Conf (right map). High and low trials were identified 426 

using a median split. Contour lines indicate significant clusters surviving Bonferroni correction for multiple comparisons.  427 

 428 
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Then we examined the spatial distribution of Val and Conf signals, meaning Val and Conf 429 

regression weights in explaining θ activity, extracted from the [–0.5 s, 0.5 s] time window. There was 430 

no particular pattern for Val and Conf signals distribution (Fig. 5A) along the mediolateral axis, which 431 

distinguishes vmPFC and lOFC regions. Among the 204 recording sites, 16 showed a significant 432 

correlation with Val only, 17 with Conf only, and 3 with both (Fig. 5B). This is not different from what 433 

could be expected if the two signals were independent from each other (χ2 = 1.01, p = 0.32). Although 434 

correlation was negative with Val and positive with Conf over the entire set of recordings, small clusters 435 

of recording sites showed significant opposite signals (positive with Val or negative with Conf). 436 

However, these clusters also failed to show significant correlations of the same sign with both Val and 437 

Conf (i.e., both Val-positive and Val-negative clusters failed to signal Conf, and both Conf-positive and 438 

Conf-negative clusters failed to signal Val). Recording sites with regression weights of the same sign 439 

for Val and Conf should cluster in the bottom left and top right quadrants of the 2D distribution, which 440 

was not observed (Fig. 5B). Overall, there was no correlation between Val and Conf signals across 441 

recording sites (r = 0.06, p = 0.42).  442 

To test for the presence of a Val-to-Conf gradient from posteroventral to anterodorsal regions 443 

(De Martino et al., 2017; Clairis & Pessiglione, 2022), we regressed the difference between Val and 444 

Conf signals against MNI coordinates projected along the yz-axis (Fig. 5C). This gradient was indeed 445 

significant (βyz = 4.11·10–3 ± 1.70·10–3, tyz(202) = 2.42, pyz = 1.66·10–2). However, a systematic 446 

regression of Val and Conf signals against each of the 3 axes separately (Extended Data Fig. 5-1) showed 447 

that the gradient was driven by Conf representation being more dorsal – this being the only association 448 

that survived Bonferroni correction for multiple tests (βz = 6.30·10-3, tz(202) = 3.03, pz = 2.80·10-3). 449 
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 450 

Figure 5. Distribution of Val and Conf signals across recording sites. 451 

A) Localization of Val and Conf signals. Significant recording sites (blue for Val, orange for Conf, black for both) are 452 

superimposed on frontal and sagittal slices of the anatomical MNI brain template (taken at y = 40 mm and x = 5 mm, 453 

respectively). Significance was assessed using a GLM fitted to the mean signal in the θ range (4-8 Hz), extracted from the [–454 

0.5 s, 0.5 s] time window surrounding choice (button press).  455 

B) Correlation between Val and Conf β regression estimates across recording sites. Dots are recording sites and r is Pearson’s 456 

correlation coefficient. The dark grey line shows the linear regression fit and bars the marginal distributions of β regression 457 

estimates.  458 

C) Gradient of Val and Conf signals along a posteroventral to anterodorsal (yz) axis. Dots are recording sites and βyz is the 459 

estimate from the regression of the difference between Conf and Val β estimates against the coordinates projected onto the yz-460 

axis. For the gradient of Val and Conf along each separate axis (x, y, z), see Extended Data Figure 5-1. 461 
 462 

To further specify Val and Conf signals, we analyzed separately the pool of recording sites that 463 

were driving the main global results: significant negative association with Val (“Val–” sites, n = 15) or 464 

significantly positive correlation with Conf (“Conf+” sites, n = 10). When using our main GLM, the 465 

dissociation was confirmed (Fig. 6A, top panels): Val– sites were insensitive to confidence and Conf+ 466 

sites were insensitive to value. When replacing Val and Conf in the GLM by the values of chosen and 467 

unchosen options (VCh and VUnch), regression estimates (Fig. 6A, middle panels) confirmed that Val– 468 

sites were signaling the two options with the same sign (for VCh: peak βCh = –0.18 ± 0.031, tCh(14) = –469 

5.72, pCh = 5.29⋅10–5; for VUnch: peak βUnch = –0.15 ± 0.024, tUnch(14) = –6.19, pUnch = 2.36⋅10–5), whereas 470 
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Conf+ sites were signaling the two options with opposite signs (for VCh: βCh = 0.12 ± 0.022, tCh(9) = 471 

5.57, pCh = 3.48⋅10–4; for VUnch: peak βUnch = –0.13 ± 0.027, tUnch(9) = –4.65, pUnch = 1.20⋅10–3).  472 

When replacing Val and Conf by RT in the GLM (Fig. 6A, bottom panels), we observed no 473 

significant correlate in Val– sites, but a significant negative association in Conf+ sites (peak βRT = –0.18 474 

± 0.061, tRT(9) = –3.00, pRT = 1.49⋅10–2). This strengthens the interpretation that Conf+ sites reflect 475 

confidence, given that confidence is lower when RT is longer. As shown in Extended Data Fig. 1-1, 476 

confidence-signaling activity is expected to increase with both choice easiness (distance between option 477 

values) and choice consistency (selection of best-rated option). We tested these predictions on θ activity 478 

recorded in Val– sites and Conf+ sites (Fig. 6B): we found no effect in Val– sites, but θ activity in Conf+ 479 

sites was higher when choices were easier (teasiness(11) = 4.30, peasiness = 1.27⋅10–3) and consistent 480 

(tconsistency(11) = 6.30, pconsistency = 5.82⋅10–5), following the expected signature of a confidence signal. 481 

 482 
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 483 

Figure 6. Decomposition of Val and Conf signals.  484 

Left and right columns show results pooled over recording sites driving Val and Conf signals, meaning sites for which θ-range 485 

(4-8 Hz) activity extracted from the [–0.5 s, 0.5 s] time window surrounding choice (button press) is negatively associated with 486 

Val and positively associated with Conf (blue and orange sites in Fig. 4). 487 

A) Time course of Val and Conf β regression estimates. At each time point, power in the θ range (4-8 Hz) was regressed against 488 

a GLM including as regressors either Val and Conf (same as in Fig. 3; top panels), chosen and unchosen option values (not 489 

orthogonalized; middle panels), or response time (RT; bottom panels). Significance level (uncorrected p-value) is estimated 490 

using a t-test of regression estimates against zero, across recording sites. Horizontal red dotted lines indicate the Bonferroni-491 

corrected statistical threshold; p-values are highlighted in bold when they survive correction based on random-field theory 492 

(RFT). 493 

B) Effects of choice consistency and choice easiness. θ-range (4-8 Hz) activity extracted from the [–0.5 s, 0.5 s] time window 494 

surrounding choice (button press) was averaged separately for consistent and inconsistent trials (when the best-rated option 495 

was chosen and not chosen) and for easy and hard trials (sorted by a median split on the distance between option values). Dots 496 
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are recording sites, bars and error bars are means and standard errors of the mean. Bold p-values indicate the differences that 497 

survived Bonferroni correction. 498 

 499 

Model simulation 500 

Finally, we examined whether the value and confidence signals observed here could arise from a 501 

comparison process, as was previously argued by Hunt and colleagues in their seminal paper (2012). 502 

Indeed, low-frequency MEG activity reconstructed from a vmPFC region was found to signal the sum 503 

and difference of option values in a binary choice task, which was interpreted as reflecting the activity 504 

of neural network implementing the comparison between options. This comparison mechanism can be 505 

simulated in an artificial neural network (ANN; Wang, 2002; Wong et al., 2007), where two distinct 506 

excitatory units take as input the values of the two options, and compete with each other through 507 

reciprocal inhibition (Fig. 7A). When the two options are made available, a competition emerges until 508 

one pyramidal unit overruns and silences the other, while reaching a plateau that triggers the selection 509 

of the associated option. We adapted the ANN used by Hunt and colleagues to reproduce the mean rate 510 

of consistent choices and the mean RT of our patients, using their likeability ratings. Simulated activity 511 

of the ANN was then analyzed with the same GLM as was done with observed OFC iEEG activity. 512 

Results replicate the pattern reported by Hunt and colleagues and extend to Val and Conf signals (Fig. 513 

7B), which was expected given that Val is nothing but the sum of option values, and Conf a sigmoid 514 

transformation of the difference between chosen and unchosen option values.  515 

 However, there were key differences between simulated and real data. First, Val and Conf 516 

signals only appear when time-locked to the response in OFC data, whereas time-locking does not matter 517 

in simulated data. Second, Val and Conf signals have opposite signs in OFC data, whereas there are 518 

both positive in simulated data. Third, different recording sites in the OFC only pick up either Val or 519 

Conf signal, whereas an electrode at the vicinity of the ANN would necessarily pick up both Val and 520 

Conf signals. 521 

Thus, low-frequency iEEG activity in the OFC was more compatible with sparse coding of 522 

value and confidence estimates that build up in the course of choice deliberation, rather than reflecting 523 

a single mechanism comparing ready-made option values.  524 
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 525 

 526 

Figure 7. Simulations of the attractor network model. 527 

A) The model (borrowed from Hunt et al., 2012) simulates a competition, via mutual inhibition, between two self-excitatory 528 

units, each taking as input one of the two option values. The model has been adapted to the choices made by each of the 26 529 

participants, using likeability ratings as option values. A decision is made when the difference in activity between the two units 530 

reaches a plateau. The input is stopped 1 s after the onset of choice options, to roughly match the average RT95% (time at which 531 

the choice is still ongoing in 95% of trials) observed in our participants. 532 

B) At each time point, the total activity of this simple network has been regressed against Val and Conf, meaning the 533 

overall value (Ch + Unch) and the choice probability, which is a sigmoid transform of the value difference (Ch – Unch). The 534 

left and right panels show the time course of regression estimates (top) and significance levels (bottom) when activity is locked 535 

to stimulus onset and to button press, respectively. Significance level (uncorrected p-value) is estimated using a t-test of 536 

regression estimates against zero, across the 26 simulated participants. Horizontal red dotted lines indicate the Bonferroni-537 

corrected statistical threshold; p-values are highlighted in bold when they survive correction based on random-field theory 538 

(RFT). Vertical black dotted lines indicate median RT across trials (RT50%). 539 

540 
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Discussion 541 

In this study, we took advantage of electrodes implanted in the OFC of patients with pharmaco-resistant 542 

epilepsy to investigate value and confidence signals during preference-based decisions. We observed 543 

that low-frequency OFC activity reflected both constructs Val (sum of option values) and Conf 544 

(probability that chosen option is best).  545 

The correlation with Val is consistent with the general idea that the OFC is part of the brain 546 

valuation system (Schultz, 2006; Padoa-Schioppa, 2007; Rangel et al., 2008; Bartra et al., 2013), whose 547 

signals may provide a common neural currency for ordering choice options (Montague & Berns, 2002; 548 

D. J. Levy & Glimcher, 2012). However, this correlation does not tell whether OFC activity signals the 549 

overall value of the option set, as previously suggested (Shenhav & Karmarkar, 2019), or represents 550 

separate estimates for the two option values, which would be aggregated in the recorded signal. When 551 

introduced as separate regressors in the general linear model, option values were both reflected in the 552 

activity of Val-signaling sites, with similar temporal dynamics. This pattern seems to suggest that the 553 

two value estimates are generated simultaneously, but it could also come from averaging even if options 554 

are valuated alternatively. Indeed, if the sequence of option exploration differs between participants or 555 

between trials, the temporal alignment of option value signals would be blurred. The issue might be 556 

solved by monitoring eye movements, if we assume that the OFC signals the value of the option that is 557 

looked at, as suggested in some versions of sequential sampling models (e.g., Krajbich et al., 2010). The 558 

value signal observed here is indeed compatible with a neural network model that transforms a set of 559 

attributes into a distribution of activity that can be decoded by downstream neurons to infer the value of 560 

attended and unattended options (Pessiglione & Daunizeau, 2021). To further test this model, it would 561 

be necessary to know which option is attended at any time point and to simultaneously record a 562 

distribution of neural activities. With the present dataset, multivariate decoding was not feasible because 563 

recording sites were sampled in different patients making different choices. 564 

The correlation with Conf is consistent with a wealth of studies that reported representation of 565 

confidence in OFC activity, not only during preference-based decision or judgment (De Martino et al., 566 

2013; Lebreton et al., 2015; Bobadilla-Suarez et al., 2020; Lopez-Persem et al., 2020; Shapiro & 567 

Grafton, 2020), but also perception-based or memory-based decisions (Chua et al., 2006; Bang & 568 
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Fleming, 2018; Gherman & Philiastides, 2018; Morales et al., 2018; Rouault et al., 2023). Further 569 

investigation showed that the pattern of low-frequency activity recorded by Conf sites was consistent 570 

with a notion of confidence: it increased with chosen option value and decreased with unchosen option 571 

value, it was higher both when choice was easier (more distance between option values) and when choice 572 

was right (the best-rated option being selected), and it was also associated with shorter choice RT. Yet, 573 

one limitation of these results is that we use a proxy for confidence and not the confidence reported by 574 

the participant. Previous studies nevertheless showed that our confidence proxy is tightly correlated to 575 

confidence rating (Clairis & Pessiglione, 2022) and that both were correlated with iEEG activity in the 576 

OFC (Lopez-Persem et al., 2020).  577 

It could be argued that the inclusion of Val and Conf regressors in the same GLM might induce 578 

spurious correlations since they share one variable (chosen option value). This was not the case however, 579 

because the same result was obtained whether the two regressors were orthogonalized and tested in a 580 

same GLM or tested in separate GLMs. Regarding the dynamics, Val signals were observed slightly 581 

before Conf signals in the parametric regression analysis (with Val just before and Conf just after the 582 

response), but not in the explained variance analysis (in which the two signals peaked before the 583 

response). We note that results are also mixed in fMRI studies (which may have insufficient time 584 

resolution), some claiming that values are signaled before confidence (e.g., Shapiro & Grafton, 2020) 585 

and others that the two variables are simultaneously represented in vmPFC activity (e.g., Lebreton et 586 

al., 2015). The anteriority of value over confidence makes sense in the view that values are provided for 587 

the comparison and selection to take place, but not in the view that option values are constructed on the 588 

fly, simultaneously to the decision-making process. A recent account of decision-making (Lee & 589 

Daunizeau, 2021) suggested that option values are refined until the tradeoff between the expected 590 

confidence gain and the required deliberation time becomes disadvantageous. For the implementation 591 

of such tradeoff mechanism, option values and choice confidence would need to be simultaneously 592 

represented.  593 

Regarding the frequency range, the negative correlation between option value and low-594 

frequency activity was already reported in iEEG studies during rating or bidding tasks where options 595 

were presented one at a time (Lopez-Persem et al., 2020; Shih et al., 2023). When extending the analysis 596 
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to the full frequency spectrum, we observed that the negative/positive correlation with value/confidence 597 

was globally true, with significant clusters in higher frequency ranges (classically labeled α and β). The 598 

absence of significant correlate in high frequencies may be surprising, as most iEEG studies reported 599 

equivalents of BOLD responses in broadband gamma activation (Jerbi et al., 2009; Lachaux et al., 2012), 600 

including recent studies using similar recording and analytic methods, but a task requiring just one value 601 

estimate per trial (Lopez-Persem et al., 2020; Cecchi et al., 2022; Shih et al., 2023). One explanation 602 

could be that value and confidence signals follow gaze fixation (i.e., which option is considered for 603 

selection) and therefore would only appear in low-frequency activity because temporal smoothing would 604 

compensate for misalignment of visual saccades.  605 

Regarding the spatial distribution, OFC signals appeared to shift from value to confidence along 606 

the posterior-to-anterior and ventral-to-dorsal axis. This replicates, within the OFC, the value-to-607 

confidence gradient that was previously documented along the medial prefrontal cortex (De Martino et 608 

al., 2017; Clairis & Pessiglione, 2022). This gradient might reflect some overlapping, but independent, 609 

distributed codes for value and confidence across OFC subregions. It should be noted that, as in our 610 

previous iEEG study (Lopez-Persem et al., 2020), there was no clear dissociation between vmPFC and 611 

lOFC subregions, both containing recording sites with significant value and confidence signals. This is 612 

at odds with fMRI studies, which typically find correlates of value and confidence in ventromedial but 613 

not ventrolateral prefrontal regions (Bartra et al., 2013; Clithero & Rangel, 2014; Vaccaro & Fleming, 614 

2018). However, electrophysiological recordings in monkeys also identified value signals in lateral parts 615 

of the OFC (Rich & Wallis, 2016; Hunt et al., 2018; Pastor-Bernier et al., 2021). Thus, iEEG recordings 616 

in patients may offer a bridge between human fMRI and monkey electrophysiology results. It remains 617 

unclear why fMRI studies generally fail to demonstrate correlates of value in the lOFC. This might come 618 

from a lack of sensitivity due to the proximity of air-filled sinuses, or to a more stringent correction for 619 

multiple comparisons in whole-brain analyses given the large number of voxels, or to a higher individual 620 

variability in the location of value-signaling voxels that would weaken group-level statistics.  621 

 Finally, we compared the value and confidence signals observed in OFC activity with those 622 

generated by an attractor network model implementing a comparison between option values (Hunt et 623 

al., 2012). While both expressed value and confidence signals, real OFC activity differed from simulated 624 
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activity on several key points. First, value and confidence signals only appeared when time-locking OFC 625 

activity to response onset (not stimulus onset), suggesting that these representations were not input to 626 

the system but constructions that triggered the decision when fully achieved. Second, the sign of 627 

correlation with OFC activity was opposite for value and confidence, contradicting the predictions of 628 

the comparison mechanism. Third, value and confidence signals were recorded in distinct locations, 629 

violating the assumption that they could arise from a same attractor neural network. Overall, the pattern 630 

of OFC activity observed here was more compatible with the idea of a large neural population 631 

transforming the attributes of choice options into sparsely coded value and confidence estimates that 632 

may be readout by different downstream neurons (Pessiglione & Daunizeau, 2021). 633 

Although patients tested here suffered from epilepsy, we treated iEEG activity recorded in their 634 

OFC as stemming from a normal brain. This is reasonable given that epileptic foci were located outside 635 

the OFC, that epileptic artifacts were removed from raw recordings, and that epileptic events were 636 

unlikely to coincide with value and confidence constructs anyway. Yet our findings may provide insight 637 

into the consequences of OFC damage for decision-making. Rather than being unable to compare values, 638 

patients with partial OFC lesions may have distorted value and confidence signals, depending on which 639 

neurons are impaired with respect to the readout codes. If confidence is indeed driving the meta-640 

cognitive control of decisions, lesioned patients may be unable to adjust the deliberation process, hence 641 

making poor decisions with high confidence or vice-versa.  642 
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Extended Data 822 

 823 

Figure 1-1. Distributions of value, confidence and RT conditioned on choice consistency. 824 

Val, Conf and RT are plotted as a function of distance (unsigned difference between option values), with light and dark colors 825 

for consistent versus inconsistent choices (i.e., for when the best-rated option was chosen versus not chosen). Each dot is a 826 

choice trial. Lines show group-level means within two bins obtained by median-splitting the distance, separately for consistent 827 

and inconsistent trials. Error bars are standard error of the mean. 828 

 829 

 830 

Figure 3-1. Val and Conf signals in vmPFC versus lOFC activity. 831 

For each recording site located in either the vmPFC (n = 66, left panels) or the lOFC (n = 138, right panels), trial-by-trial iEEG 832 

time series were locked either to stimulus onset or button press. Vertical dotted lines indicate the time at which choice is still 833 

ongoing in 95% of trials (RT95%). The same analysis was applied to each site and results were then averaged across sites.  834 

A) Time-frequency decomposition of the evoked response. Power at each frequency is corrected for baseline activity (mean 835 

over a 1-s pre-stimulus time window). Contour lines indicate significant clusters surviving Bonferroni correction. 836 

B) Time course of Val and Conf regression estimates and significance levels. At each time point, power in the θ range (4-8 Hz) 837 

was regressed against Val and Conf. Significance level (uncorrected p-value) is estimated using a t-test of regression estimates 838 
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against zero, across recording sites. Horizontal red dotted lines indicate the Bonferroni-corrected statistical threshold; p-values 839 

are highlighted in bold when they survive correction based on random-field theory (RFT). 840 

 841 

 842 
Figure 5-1. Spatial gradients of Val and Conf signals. 843 

Spatial gradients of Val and Conf regression coefficients (top and bottom rows, respectively) were tested within the OFC along 844 

the medial-lateral (|x|), the posterior-anterior (y), and the caudal-rostral (z) axes (left, middle, and right columns, respectively). 845 

For each recording site, β regression coefficients were estimated across trials from a GLM fitted to the mean signal in the θ 846 

range (4-8 Hz), extracted from the [–0.5 s, 0.5 s] time window surrounding choice (button press). Then, the gradients were 847 

estimated using linear regressions of β estimates against MNI coordinates, separately for each of the three axes. Dots are 848 

recording sites; colors indicate significant associations (with Val in blue, with Conf in orange, with both in black); dark grey 849 

lines show the linear fits. Bold regression coefficient and p-value indicates the only significant gradient surviving Bonferroni 850 

correction (Conf signal along the z-axis). 851 


