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Supplementary Note 1. No differences in coordination of item stability and context 
specificity across cue types.  

We computed item stability and context specificity separately for each of our cue types 
(CS++, CS+- and CS--), focusing on the ROIs where we observed significant effects in 
the analysis including all trials during extinction. We then assessed whether coordination 
differed between CS+ vs CS- trials, and between CS++ vs CS+- trials. We performed the 
analysis across all time points in the temporal generalization map and assessed statistical 
significance via cluster-based permutation statistics, shuffling the condition labels 1,000 
times. We only considered significant those time-by-time clusters whose summed t-
values ranked above the 95th percentile of the null distribution.  

In most analyses, we did not observe large clusters in the temporal generalization maps, 
as observed in the resulting p-values presented in the table below (corresponding to the 
rank of these clusters within the distribution of surrogate cluster). Thus, while our main 
results indicate that item stability differed between experimental conditions in the TMP 
and the AMY (Figure 3), the coordination of item stability across brain regions did not 
differ between conditions.  

 

Analysis            Trial 
 
Region 

CS+ vs CS- CS++ vs CS+- 

Item 
stability 

TMP-AMY N= 22, p = 0.69 N = 19, p = 0.69 
TMP-HPC N= 23, p = 0.8 N = 21, p = 0.38 
TMP-lPFC N= 17, p = 0.51 N = 16, p = 0.81 
TPM-OFC N= 9, p = 0.59 N = 9, p = 0.93 
AMY-HPC N= 24, p = 0.34 N = 23, p = 0.86 

Context 
specificity 

lPFC-AMY N = 14, p = 0.91 N = 14, p = 0.95 
lPFC-TMP N= 17, p = 0.21 N = 16, p = 0.64 

Summary table presents the results of the contrasts between CS+ and CS- trials, as well as between CS++ 
and CS+- trials, in the analyses of the coordination of both item stability and context specificity between 
regions. Analyses were conducted at all time points in the temporal generalization maps, and the reported 
p-values reflect the rank of the largest observed cluster in relation to a null distribution constructed by 
shuffling the condition labels. The number of participants (N) included in each analysis is also indicated.  

 

 

 

 

 



Supplementary Note 2. No differences in correlations of item stability and context 
specificity with AMYTHETA across cue types.  

To assess differences in the correlations between AMYTHETA and item stability or context 
specificity across conditions, we extracted a single-trial metric of AMYTHETA based on the 
cluster of significant differences between CS+ and CS- items observed during extinction 
(Figure 2; see as schematic depiction in Figure 5A, left). We separately z-scored this 
metric for CS+ and CS- trials, in order to avoid any spurious correlation of single-trial 
values driven by main condition differences. In addition, we averaged item stability and 
context specificity across time in the time period of AMYTHETA effects in each trial and each 
ROI. We correlated AMY theta power with item stability and context specificity across 
trials, separately in our three trial types (CS++, CS+- and CS--), and assessed condition 
differences using a one-way repeated measures ANOVA.  

In the item stability analysis, our results did not reveal any significant difference between 
conditions in the AMY (F(2, 44) = 1.15, p = 0.32, ηp2 = 0.05). Post-hoc tests revealed that 
none of the pairwise comparisons showed differences, even at an uncorrected level (all 
p > 0.05). Similarly, in the HPC, correlations did not differ between conditions (F(2, 34) = 
0.2, p = 0.82, ηp2 = 0.01) and pairwise comparisons were not significantly different (all p 
> 0.05). Finally, the analysis of lPFC context specificity revealed no significant differences 
between conditions (F(2, 22) = 0.91, p = 0.42, ηp2 = 0.07), and no significant differences 
in the pairwise post hoc tests (all p > 0.05). 

These results demonstrate that the observed trial-level correlations between AMYTHETA 
and item stability in AMY and HPC (Figure 5) did not differ across trial types. In addition, 
they show that the correlations between AMYTHETA and lPFCCONTEXT are not significantly 
different across conditions. Together, these findings suggest that AMY theta oscillations 
play a role in the representation of cues and contexts throughout the extinction network 
irrespective of their valence.    

 

 

 

 

 

 

 

 



Supplementary Note 3. Reinstatement analyses across cue types 

We compared the reinstatement values between our three trial types (CS++, CS+-, CS--
), separately for acquisition-to-test and extinction-to-test reinstatement, in the brain 
regions where we observed significantly higher item-stability for the CS+ as compared to 
the CS- trials during extinction, i.e., the AMY and the TMP. In addition, we compared the 
differential reinstatement of memory traces (acquisition-to-test minus extinction-to-test) 
across these conditions. In a separate analysis, we investigated whether the amount of 
acquisition-to-test reinstatement differed from the amount of extinction-to-test 
reinstatement for any of the categories. 

For the first analysis, we assessed possible condition effects on reinstatement during time 
windows of 500ms during acquisition/extinction and test, sliding in 50ms (90% overlap). 
Only matching time-windows were considered for this analysis because a temporal 
generalization analysis would not be possible for the differential reinstatement, which 
involves time periods during three phases (acquisition, extinction, and test). We averaged 
across trials and across time within each 500ms window for each participant and 
performed one-way repeated-measures ANOVAs at each time bin to assess statistical 
significance. In the AMY, we did not observe any significant differences between our three 
conditions in the acquisition-to-test reinstatement (all time bins: F < 1.73, p > 0.05), the 
extinction-to-test reinstatement (all time bins: F < 2.8, p > 0.05) or in the differential 
reinstatement analysis (all time bins: F < 2.54, p > 0.05), even before applying correction 
for multiple comparisons. Similarly, in the TMP, we found no significant condition 
differences, even at an uncorrected level, for acquisition-to-test reinstatement (all time 
bins: F < 1.4, p > 0.05), extinction-to-test reinstatement (all time bins: F < 2.53, p > 0.05) 
or in the differential reinstatement analysis (all time bins: F < 2.42, p > 0.05; see 
Supplementary Figure 1). These results suggest that reinstatement does not differ 
between conditions. 

In the second analysis, we compared the magnitude of acquisition-to-test and extinction-
to-test reinstatement separately for the CS++, the CS+- and the CS-- trials. We focused 
on the time periods where significant item-stability effects were observed in each region 
(AMY: 1.25-1.5s; TMP: 0.65-1s). None of the cue types showed significant differences 
between acquisition-to-test and extinction-to-test reinstatement in the TMP (CS++: t(25)= 
-1.11; p = 0.28; CS+-: t(25)= 0.647; p = 0.52; CS--: t(25)= 1.59; p = 0.12), or in the AMY 
(CS++: t(30)= -0.092; p = 0.93; CS--: (t(30)= -0.352; p = 0.728; CS+-: t(30)= 1.72; p = 
0.096). 

 

 

 



Supplementary Note 4: Paradigm main features and rationale 

The experimental paradigm we conducted is novel and its unique combination of features 
has not been validated in previous studies. However, each of the design decisions we 
made was based on practical and theoretical considerations derived from the fear 
conditioning literature. We below present a rationale for each of these design decisions.  

First, we employed a multi-cue conditioning protocol in which one stimulus (CS+) predicts 
the unconditioned stimulus (US), while another (CS−) does not. This approach is the most 
commonly employed in human fear conditioning studies and differs from paradigms in 
which a single cue is first associated with a US and later extinguished1.  

Second, like previous research investigating the representational dynamics of fear 
learning 2, we used natural images as conditioned stimuli rather than auditory stimuli—
more employed in animal research—or simplified shapes3–5. Our approach is not only 
arguably more ecologically valid but also better suited to capture cue representations 
across several sensory areas including association cortices. 

Third, our study follows an ABC design, in which acquisition occurs in one context, 
extinction in another, and testing in a novel third context. This structure is commonly 
employed in both rodent and human studies that examine the role of context in fear 
extinction6–11. However, it differs from other human studies that have used ABA12 or ABB6 
paradigms to investigate context-dependent fear extinction. We employed an ABC 
paradigm because we aimed to investigate whether the re-occurrence of fear memories 
during the final test phase was determined by the similarities of internal (i.e., neural) 
representations of contexts during this phase to context representations during either the 
acquisition or the extinction phase. This differs from ABA and ABB paradigms in which 
the presented contexts during the test phase are either identical to the contexts during 
acquisition (ABA) or during extinction (ABB).  

Notably, while our paradigm follows an ABC structure, our design includes the 
presentation of several distinct yet thematically related context videos in each 
experimental phase (e.g., videos of sea landscapes). This was done to facilitate the 
analysis of context-specific representations using Representational Similarity Analysis 
(RSA), which requires the presentation of multiple instances of a particular context. In 
particular, as stated in our hypothesis, we aimed to evaluate the generalization of context 
representations during acquisition and their distinctiveness during extinction. 

Fourth, we applied a partial reinforcement rate of 50%2,13–15. While some studies have 
used slightly higher rates, such as 60%16,17, 62.5% 10, or 66%18, we opted for 50% to 
promote a more gradual acquisition and extinction of fear associations (note that both 
processes are affected by this choice). Slower rates also reduce the risk of habituation to 



the unconditioned stimulus (US), which was particularly important in our study given the 
relatively mild US we employed (see next point). 

Fifth, in our paradigm, the US consisted of a human female face with a neutral expression 
following CS− items and a fearful expression following (50% of) CS+ items. Presentation 
of the fearful face following CS+ items was, in addition, paired with a loud scream. The 
choice of using emotional facial expressions was informed by studies suggesting that 
negative facial expressions increase resistance to extinction compared to neutral faces19–
21. Similarly, pairing this face with a scream was grounded on previous fear conditioning 
research in sensitive populations such as infants and patients22,23. Moreover, the face-
scream protocol has been shown to produce similar—though milder—responses in fear-
potentiated startle and self-reported fear ratings in healthy participants as compared to 
electric shocks24.  

Sixth, to strengthen the association between the CS and US, we incorporated a narrative 
element, or "cognitive embedding". Previous research has shown that semantically or 
perceptually meaningful CS-US pairings are learned more effectively and are more 
resistant to extinction than arbitrary associations23,25. In our paradigm, we introduced the 
character of Nina, a backpacker who travels the world and stays in hotels where electric 
devices occasionally malfunction. Pictures of these electric devices were used as our CS 
(a fan, a hairdryer and a toaster). The negative emotional expression of “Nina’s” face, 
paired with the scream, aligns with this narrative.  

Seventh, we used videos to represent contextual information rather than simpler stimuli 
such as colored backgrounds26, images of scenes or rooms16,27, or more complex VR 
environments28,29. This was made to enhance realism and reinforce the narrative of a 
traveler visiting diverse regions with distinct landscapes and climates while avoiding the 
difficulties of conducting VR research in clinical populations. In addition, we used videos 
since previous research has shown that their neural representations can be particularly 
well tracked in human electrophysiological data30. 

Eighth, as in various human fear conditioning studies that rely on self-reports rather than 
physiological measures, we assessed participants' expectancy ratings of safety and 
threat rather than collecting electrodermal activity data31,32. This was guided by both 
ethical and practical considerations, particularly given the constraints of conducting 
research with implanted epilepsy patients, and to emphasize the role of conscious 
awareness in learning and extinction.  

Ninth, our testing phase occurred shortly after extinction without introducing additional 
delays. This decision was driven by the limited availability of patients in the clinical 
context. We acknowledge that some studies have implemented delays between extinction 
and testing to evaluate the stability of extinction in the long-term11,27, but also highlight 
that several others have applied immediate testing (e.g. refs. 2,33).  



Finally, due to the time constraints of conducting research with implanted patients, we did 
not conduct individualized aversiveness testing for the US. Instead, as in previous studies 
5,34, we selected a notoriously aversive stimulus—a loud scream—and adjusted its 
duration and intensity to a highly unpleasant level (1s, ~85dB).  

The unique and novel combination of features in our paradigm—including the use of 
multiple, thematically related videos as contextual stimuli, the ABC structure, the 50% 
reinforcement rate, and the embedding of the experiment into a plausible narrative—has 
not been validated in previous research. However, as we have discussed, these 
methodological choices were carefully informed by the fear conditioning literature in 
humans. Notably, a very similar version of this paradigm, developed by our group for an 
fMRI study, includes the same stimuli, a very similar overall structure, and the same cover 
story but was conducted in healthy participants and employed a different US (electric 
shocks)35. While these data are beyond the current study, they provide an additional 
validation of our core paradigm choices. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Supplementary Note 5: Different electrode configurations did not affect volume of 
neural tissue sampled and main results  

In our study, data were collected using three types of electrodes: two different types in 
Paris (micro-macro: 21 electrodes; macro-only: 176 electrodes) and one from Guangzhou 
(434 electrodes). These electrodes have variable surface area and inter-contact 
distances (Paris micro-macro: 1.6/3-7mm; Paris macro-only: 1.7/5mm; Guangzhou: 
2/3.5mm). Additionally, within a single micro-macro electrode in Paris, the first and second 
contacts are separated by 3 mm, while subsequent contacts (e.g., 2 to 3, 3 to 4) are 
spaced 7 mm apart. 

Differences in electrode configurations, combined with our use of a bipolar referencing 
scheme, might have affected the total volume of neural tissue sampled in our two patient 
groups in Paris and Guangzhou. However, it is unlikely that such differences affected our 
main results for several reasons. First, we only included electrodes located in gray matter, 
which removed a large number of contact points within each electrode (~50%). The 
removal of many electrode contacts introduced variability in sampling density, affecting 
both patient cohorts similarly. Second, a higher sampling density does not necessarily 
equate to more information, as closely spaced electrodes in iEEG often capture activity 
from the same sources and exhibit similar neurophysiological profiles. We note that most 
of our analyses involved averaging electrode activity in each subject independently before 
performing statistical comparisons at the group level, which further reduces the risk that 
sampling density differences systematically biased our findings. Third, many of our key 
findings were observed in the AMY, which had the lowest sampling density overall, with a 
mean number of electrodes per subject of 2.56 ± 1.39. Notably, 10 out of 22 patients had 
only a single electrode in the AMY, making it unlikely that inter-electrode distances or 
contact surface area significantly influenced our results in this region. Fourth, the inter-
contact spacing of the first two electrodes in the micro-macro arrays from Paris (3 mm) 
closely resembles that of the electrode configurations used in Guangzhou (3.5 mm), 
minimizing potential sampling density differences in these electrodes.  

We performed two control analyses to corroborate that different electrode configurations 
in our patient’s cohort did not affect the density of neural tissue sampled. First, we 
computed the Delaunay triangulation of electrode configurations, a method that quantifies 
electrode density by forming triangles between contact points and calculating the mean 
triangle area. Focusing on our largest and more densely implanted ROI (the TMP) we 
evaluated triangulation in the left and right hemispheres in each subject independently. 
Only subjects with at least three electrodes in the TMP (N=36) were included in this 
analysis, as a minimum of three electrodes is required to form triangles. Statistical 
significance was assessed using a two-way ANOVA with "Recording site" 
(Guangzhou/Paris) and "Hemisphere" as factors. Results showed no significant 
difference in mean triangle area between hemispheres (F(1,32) = 2.61, p = 0.11, ηp2 = 



0.07) or between patient cohorts (F(1,32) = 0.96, p = 0.33, ηp2 = 0.03). These findings 
indicate that although electrode spacing varied due to differences in electrode 
configurations, the overall sampling density remained consistent across our two patient 
groups. 

To further corroborate that the different electrode configurations did not affect our results, 
we conducted our oscillatory power analyses in the AMY separately for Guangzhou and 
Paris patients. We specifically focused on the significant cluster observed in the main 
analysis contrasting “current” valence (CS+ vs CS-) during extinction. We observed the 
same pattern of results across our two cohorts of patients, with higher theta power for 
CS- as compared to CS+ items during extinction (Guangzhou: t(19)= -4.32, p = 0.0004, 
Cohen’s d = -1.24, CI: [-2.08, -0.58]; Paris: t(11)= 2.93, p = 0.014, Cohen’s d = -1.28, CI: 
[-2.64, -0.27]). Taken together, the results of these analyses suggest that our two patient 
cohorts did not show prominent differences in the neural tissue sampled in the TMP, and 
that the AMY theta power results during extinction were consistent in our two patient 
groups (see Supplementary Figure 2).  

Finally, we highlight that recent years have seen an increase of multi-center iEEG 
research, which involves collecting and analyzing data from multiple epilepsy centers to 
generate larger and more diverse datasets. Several studies have successfully integrated 
multi-center iEEG data despite variations in electrode configurations, including even 
combination of subdural strips and grids with depth electrodes, which differ in regard to 
sampling density even more than different types of depth electrodes do36–38. While there 
is currently no established consensus or guideline on how to address sampling 
differences in the literature, we believe this is an important topic of research in the future, 
as multi-center iEEG studies are becoming more prominent. 

 

 

 

 

 

 

 

 

 

 



Supplementary Note 6: Connectivity analysis using the weighted phase lag index  

Conceptually, we were predominantly interested in investigating the representations of 
contexts and items during fear learning and extinction. For this reason, we employed 
metrics of representational coordination rather than standard connectivity analyses in 
order to investigate the propagation of representational signatures throughout the fear 
and extinction network. However, we acknowledge that connectivity metrics could offer 
complementary insights into the neural mechanisms of fear extinction. 

Over the past decades, several connectivity metrics have been developed and applied. 
One of the first to be proposed was the Phase Locking Value (PLV)39, which  quantifies 
the consistency of phase angle differences between two signals. The PLV has been 
widely applied in cognitive neuroscience40–42, but this metric is highly susceptible to 
volume conduction since it includes apparent connectivity at phase differences at zero 
lag. Volume conduction refers to the phenomenon where electrical activity from neuronal 
sources propagates almost instantaneously through brain tissues, leading to signal 
spread. This effect can artificially inflate metrics of connectivity in iEEG, as different 
electrodes might capture activity from the same neurophysiological source.  

To circumvent the problem of volume conduction, several metrics based on phase lag 
were developed in the last years. In particular, phase-based connectivity measures were 
established that ignore zero phase-lag connectivity, including the phase-slope index43, 
the phase lag index44, and the weighted phase-lag index45. The Phase Lag Index (PLI) 
quantifies asymmetries in phase lead/lag, ignoring synchronized activity at zero or 180° 
phase lag—which is often the result of volume conduction rather than true connectivity. 
The weighted PLI (wPLI) assigns greater weight to larger phase differences by 
considering the magnitude of the imaginary component of the cross-spectrum, effectively 
suppressing small phase differences that may result from volume conduction. By 
improving robustness against noise as compared to the PLI and minimizing false 
connectivity, wPLI has become a widely employed metric for mapping functional networks 
in EEG/iEEG research45,46. 

To complement our representational coordination analyses and provide a more 
comprehensive description of how fear extinction signals propagate throughout the fear 
and extinction network, we assessed the wPLI between pairs of ROIs. We specifically 
focused on the ROIs where we observed significant coordination in our item stability 
(Figure 3D) or context specificity (Figure 4D) analyses. These included AMY-TMP, AMY-
HPC, AMY-lPFC, TMP-HPC, TMP-OFC, and TMP-lPFC. We computed wPLI across trials 
for each pair of electrodes in their correspondent ROI pairs, focusing on the theta (4–8 
Hz) frequency band, as this was the frequency range where we observed the most 
prominent effects in the AMY in our data. Notably, phase-based connectivity in the theta 
range has been associated with long-range neural communication47. We specifically 



selected the time periods where we observed significant coordination effects in the 
original analysis (see table below). 

We computed wPLI for all electrode pairs within predefined ROI pairs, separately for each 
subject and each of our three cue types (CS++, CS+-, and CS--). In subjects with bi-
hemispheric implants, we computed wPLI for channel pairs within the same hemisphere 
only. wPLI metrics obtained for each electrode pair were averaged across electrodes in 
each subject before performing statistical comparisons. Significant differences were 
assessed with a repeated measures one-way ANOVA. 

Our results did not reveal any significant differences in wPLI during the time periods of 
significant coordination in any of the ROI pairs even at an uncorrected level (see table 
below).  

ROIs Time period ANOVA results 
AMY-TMP 0-1.75s F(2,24) = 2.22, p = 0.12, N = 27 
AMY-HPC 0.5-1.75s F(2,20) = 1.08, p = 0.34, N = 23 
AMY-lPFC 1-1.65s F(2,10) = 0.16, p = 0.85, N = 13 
TMP-HPC 0-1.45 F(2,22) = 0.09, p = 0.91, N = 25 
TMP-OFC 0.15-1s F(2,7) = 0.72, p = 0.5, N = 10 
TMP-lPFC 0-0.8s F(2,14) = 0.24, p = 0.78, N = 17 

 

The absence of significant differences in our phase-based connectivity analysis suggests 
that the observed coordination in representational signals in our study is not linked to 
phase-based connectivity in the theta frequency range. However, we acknowledge that 
the space of possible connectivity analyses is vast, and our metric of representational 
coordination may align more closely with other forms of connectivity, such as power-
based or causal connectivity, which could be investigated more comprehensively in the 
future. 
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