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Abstract 7 

The eye-gaze of others is a prominent social cue in primates and crucial for communication1-10. Although 8 
gaze can signal threat and elicit anxiety6, 11, 12, it remains unclear if it shares neural circuitry with stimulus- 9 
value. Importantly, gaze not only has valence, but can also serve as predictor for the outcome of a social 10 
encounter: negative or positive2, 11, 12. Here we show that neural codes overlap for gaze and valence 11 
through two different mechanisms: one for the outcome, and another for its expectation. Monkeys 12 
participated in the human-intruder-test12, 13 that included direct and averted gaze, interleaved with blocks 13 
of aversive and appetitive conditioning14. We find that single-neurons in the amygdala encode gaze15, 14 
whereas neurons in the anterior-cingulate-cortex(ACC) encode social context16, but not gaze. We identify 15 
a shared amygdala population where neural responses to direct and averted gaze parallel the responses to 16 
aversive and appetitive stimulus, correspondingly. Further, we distinguish between two mechanisms: an 17 
overall-activity scheme that is used for gaze and the unconditioned-stimulus(US), and a correlated- 18 
selectivity scheme that is used for gaze and the conditioned-stimulus(CS). The findings suggest new 19 
insights on the origins of the neural mechanisms underlying social and valence computations, and might 20 
shed light on social-anxiety and the comorbidity between anxiety and impaired social interactions. 21 
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Main text 37 

Recognizing and learning about potentially harmful or beneficial stimuli is crucial for survival of all 38 
organisms. In humans and primates in general, facial expressions, and in particular the eye-gaze of others, 39 
is a prominent and highly instructive signal 2-4, 11, 17. Specifically, averted or direct gaze is a social signal 40 
that can indicate submissive vs. aggressive interactions, correspondingly. In agreement with this, gaze 41 
was shown to elicit anxiety in primates 6, 11, 12, and evokes responses in the amygdala 15, 18-20 – a brain 42 
region that serves as a hub for emotional responses in general and threat and anxiety in particular 20. 43 
Moreover, gaze processing is disrupted in several neurodevelopmental and social-disorders 1, 5, 7, 8 where 44 
abnormal activity of the amygdala is linked to gaze avoidance 9, 10. Importantly, gaze is not only a 45 
valence-signal by itself, but can also serve as a predictor for future outcomes: aversive if an intruder 46 
maintains direct eye-contact (stare), or potentially rewarding if the other avoids eye-contact. This is in 47 
line with the amygdala playing a role not only in signaling outcome-valence (appetitive-aversive), but 48 
also in learning via conditioning 14, 21, 22 and signaling expectation for the outcome, namely exhibit 49 
responses to a conditioned-stimulus (CS) 14, 22. However, it remains unknown whether similar 50 
mechanisms are used for coding of valence and eye-gaze; and moreover, whether there exists a shared 51 
coding for eye-gaze and outcome-expectation. Toward this end, we adapted the human intruder test (HIT) 52 
12, 13. HIT is widely used for assessing anxiety and defensive behaviors in non-human-primates, similar to 53 
the ‘stranger test’ in human infants 23. We recorded the activity of single neurons in the Amygdala and the 54 
ACC during live interactions in a modified HIT paradigm that includes averted vs. direct gaze of the 55 
intruder and combined with an affective conditioning paradigm. We first validated previous results and 56 
show that here as well, both the ACC and the amygdala code for valence21, but only the amygdala codes 57 
for gaze15. In line with our hypothesis, we demonstrate that in amygdala networks, valence of both 58 
outcome and its expectation are coded in the same population that also codes for the gaze of others, but 59 
via two different population codes.  60 

Two monkeys participated in a modified version of the human intruder test (HIT) (Fig. 1a). Each HIT 61 
block consisted of 18 interactions with a human intruder that is seated behind an LCD shutter (<1ms RT), 62 
and when the shutter opens gazes directly at the monkey’s eyes (eye-contact, EC), or away from the 63 
monkey (averted-gaze / no-eye-contact, NEC). These HIT blocks were interleaved with conditioning 64 
blocks of either appetitive or aversive trials (>=8 trials in a block, Fig.1b,c), where the shutter opening 65 
serves as the conditioned-stimulus(CS) and is followed after one second delay by the 66 
outcome/unconditioned-stimulus(US), liquid-reward or airpuff in appetitive/aversive blocks 67 
correspondingly. We tracked the eye-position of the monkeys and extracted four regions of interest (ROI, 68 
Fig.1d): 1. the eye-region of the intruder; 2. the face-region of the intruder; 3. the whole shutter region; 69 
and 4. outside the shutter region. Oculomotor behavior revealed distinct patterns (Fig.1d-g; 70 
Extended.Fig.1): shutter opening in the HIT blocks induced more interest in the eyes ROI compared to the 71 
conditioning blocks (Fig.1d, Kolmogorov-smirnov, p<1e-8, n-trials= 3108/2090 in HIT/conditioning 72 
trials; 49 sessions, 24/25 per monkey). After exploring the eye of the human intruder, the monkeys 73 
continues to look more to the eyes/face ROI in blocks of direct-gaze (Fig.1g, EC vs. NEC, 2 , p<1e-3). 74 
We further aligned each trial separately according to the first time the monkey gazed at the intruder eyes 75 
(Interquartile range: 180-700ms) and found similar results (Extended.Fig.1, ߯2, p<1e-6).  76 

We quantified elicited facial expressions and find that monkeys produced more facial expressions when 77 
the intruders made eye-contact (Fig.1h,i, ߯2, p<1e-2; Extended.Fig.2), in agreement with the stressful, 78 



threatening, and defensive responses that are traditionally induced by direct-gaze of a human intruder 12. 79 
Heart-rate and heart-rate-variability (HRV) further suggest anxiety-related responses (Fig.1j,k, t-test, 80 
p<0.05). In the conditioning blocks, the monkeys quickly learned to distinguish and anticipate the 81 
different outcomes (appetitive/aversive) after shutter opening in each specific block (Fig.1l, ߯2, p<1e-3). 82 
In aversive-airpuff blocks, they closed the eyes after shutter opening both in preparation for the airpuff as 83 
well as immediately after its delivery (Fig.1l, ߯2 ,p<1e-3). In addition, they withheld inhale before the 84 
expected airpuff, but not before reward (Fig.1m, t-test, p<1e-3). The HR and HRV in conditioning blocks 85 
were different between airpuff and reward (Fig.1j,k, t-test, p<1e-3) and showing the same direction of 86 
modulation as in the human intruder (airpuff /EC is higher than reward /NEC, correspondingly). 87 
Therefore, there was a clear differential behavioral response in HIT sessions between eye-contact of the 88 
intruder and no-eye-contact, and there was a clear differential response between appetitive and aversive 89 
blocks, for both the US/outcome, and the CS/expectation. 90 

To examine and compare neural responses, we recorded single-units from the basolateral-complex of the 91 
amygdala (BLA) and the anterior-cingulate-cortex (ACC) (Fig.2a, n=24/25 sessions per monkey, n= 92 
356/203 neurons in the ACC/Amygdala, 224/103 and 132/100 per monkey). We define two epochs in the 93 
conditioning blocks: a preparatory/expectation epoch (CS-related, after the shutter opening but before US 94 
delivery), and an outcome epoch (US-related, following delivery of airpuff/reward) (Fig.2b). Confirming 95 
previous studies, we find that neurons in the amygdala and the ACC respond to the appetitive CS (Amy: 96 
35/203, ACC: 43/356, ߯2 ,p<1e-3 for both), respond to the aversive CS (Amy: 36/203, ACC: 57/356, ߯2 97 
,p<1e-3 for both), and also discriminate between valence (Amy: 37/203, ACC: 71/356, ߯2 ,p<1e-3 for 98 
both). Moreover, similar proportions of cells were responsive in the two regions (Fig.2c, 2 , p>0.09 for 99 
all). Similarly, neurons in the ACC and in the amygdala responded to the appetitive US (Amy: 25/203, 100 
ACC: 49/356, p<1e-2 for both), and aversive US (Amy: 73/203, ACC: 106/356, p<1e-3 for both) again 101 
with similar proportions in both regions (߯2 , p>0.1). However, more amygdala neurons discriminated 102 
valence between appetitive and aversive outcome (Fig.2d, Amy: 90/203, ACC:114/356, ߯2 , p<1e-2).  103 
 104 
In the HIT blocks (Fig.2e), neural responses were computed from the time when the monkey first looks at 105 
the eyes-ROI, as this is the first time that the monkey can differentiate between EC and NEC 106 
(Interquartile range: 180-700ms, Fig.1d). There were more responsive neurons in the amygdala than in 107 
the ACC during HIT blocks (Fig.2f, Amy: 58/203, ACC: 50/356, 2 , p<1e-3), and more amygdala 108 
neurons discriminate between EC and NEC of the intruder (Fig.2f, Amy: 21/203, ACC: 17/356, ߯2 , 109 
p<0.05). The number of ACC neurons that coded for the intruder gaze was not different than chance 110 
(Binomial test, p>0.1). We tested for overlap in responses and found that the proportion of neurons that 111 
responded to both gaze and valence was not different than chance, both in the amygdala and in the ACC 112 
(Fig.2g Binomial test, p>0.1). 113 
We noticed that the proportion of amygdala neurons that code for gaze is low compared to the proportion 114 
of neurons that code for valence, both for CS-related responses and for US-related responses (Fig.2c,d,f, 115 ߯2 , CS: p<0.05, US: p<1e-3), in line with previous studies in both monkeys and humans 15, 24. 116 
Nevertheless, because a neuron can contribute at the population level even if it does not exhibit a 117 
significant response by itself, we further tested whether the combined ensemble of recorded neurons holds 118 
information about the eye-gaze of others by training a linear decoder on population vectors. In accordance 119 
with the single-cell analyses, population activity in the amygdala and the ACC could discriminate 120 
between appetitive and aversive trials, both using CS-related and using US-related activity (Fig.2h, 121 



bootstrap analysis, CI 95%). However, only the amygdala population could discriminate between EC and 122 
NEC trials, whereas the ACC population did not exceed chance-level (Fig.2h, bootstrap analysis, CI 123 
95%).  124 
We conclude that in the current paradigm, similar to previous findings, the amygdala and the ACC code 125 
for valence21, but only the amygdala codes for the eye-gaze of the intruder15. It is true both at the single- 126 
cell and at the population level. 127 

The finding that the amygdala holds information about valence as well as eye-gaze of others within the 128 
same circuitry suggests that there might be a shared population code in the neural ensembles. In order to 129 
test this hypothesis of shared coding for valence and gaze, we used the decoder approach again, but this 130 
time we trained on one type of trials and tested on another. If discrimination accuracy is above chance- 131 
level, this would mean that the population uses similar mechanisms to hold information for one situation - 132 
appetitive vs. aversive, as for the other - EC vs. NEC. We therefore trained a linear decoder to distinguish 133 
between trials of EC and NEC and tested it on distinguishing between trials of aversive and appetitive. 134 
Importantly, this was done separately for the CS-related and the US-related responses.  135 

In agreement with the aforementioned finding that the ACC does not hold information about eye-gaze, the 136 
decoding performance in the ACC was not different than chance in both CS and US related activity 137 
(Fig.3a,b top insets, bootstrap analysis, CI 95%). In contrast, decoding performance was significantly 138 
above chance level when using amygdala population, and moreover, it was the case when using either 139 
CS-related activity or US-related activity (Fig.3a,b, Extended.Fig.3, bootstrap analysis, CI 95%). 140 
Performance was approximately linear in the number of neurons, starting from chance-level and rising to 141 
more than 80% accuracy when using all available amygdala neurons (CS: 82.5%, US: 80%, n=203, 142 
p<0.001 for both; Fig.3a,b bottom insets). This suggests that the shared coding of valence and eye-gaze is 143 
not due to the few neurons that had significant responses to both contexts (Fig.2g), a notion that was 144 
further supported by the finding that accuracy remained similar when dropping these few neurons (CS: 145 
81%, n=201; US: 79%, n=198). These findings demonstrate that a shared population code is used by 146 
amygdala neurons, because the decoder was trained only on gaze discrimination, yet successfully tested 147 
on valence discrimination. 148 

In general, there could be two shared activity schemes that would allow training on one context and 149 
decoding of the other. In the first, termed here correlated-selectivity, neurons respond similarly to gaze 150 
and valence (Fig.3c). This means that the neurons respond in the same direction and with similar 151 
proportion (decrease/increase firing rates proportionally) for NEC vs. EC as for appetitive vs. aversive. 152 
Namely, a neuron’s response is correlated along eye-gaze and valence. Alternatively, in the second option 153 
termed overall-activity, a population of neurons respond only in the same direction, high or low overall 154 
average firing-rate, to gaze and valence, yet individual neurons are not correlated across the contexts 155 
(Fig.3d). We therefore tested which scheme applies for the amygdala population, and is it different 156 
between CS-related responses and US-related activity. To do so, we applied several approaches. 157 

We first examined the activity at the single cell level. Each neuron was assigned a selectivity index for 158 
gaze (SIG, -1 to 1, NEC to EC) and a selectivity index for valence (SIV, from -1 to 1, appetitive to 159 
aversive). The joint distribution of indices with the same direction of modulation was high in CS period 160 
(Fig.3e,f; p<1e-3 ߯2 compared to chance-level; US: p>0.1), in opposite to the joint distribution with only 161 
positive modulation which was high in the US period (Fig.3e,f; p<1e-3 ߯2 ; CS: p>0.1). Moreover, the 162 
two indices were correlated across the whole population only during CS activity (r=0.26, p<0.01 taking 163 



only neurons with SI>1/3; r=0.2, p<0.01 and for the whole population; US: p>0.4; t-tests), and even when 164 
taking positive indices only, demonstrating that the correlation is beyond sign (Fig.3g-right, r=0.3,p<0.02; 165 
US: p>0.4).  166 

Next, we used linear-regression on the individual responses for gaze, comparing EC to NEC, and 167 
separately on the responses for valence, comparing aversive to appetitive. We obtained and compared two 168 
separate coefficients: ߚ௩௔௟௘௡௖௘ that represents the difference in firing rate between airpuff and reward, and 169 ߚ௚௔௭௘ that represents the difference in firing rate between EC and NEC. If the two coefficients are similar 170 
for individual neurons, it means that neurons code valence and eye-gaze not only along the same 171 
direction, but also with similar modulation. We found that the two coefficients were positively correlated 172 
in amygdala neurons, but only when using CS-related activity and not when using US-related activity 173 
(Fig.4a-c, Pearson correlation, amygdala: CS: r=0.4, p<1e-8, US: r=0.03 ,p>0.5; ACC: CS: r=-0.1, p<1e- 174 
2, US: r=0.03 ,p>0.5). This observation supports a correlated-selectivity scheme between valence and 175 
gaze for the CS epoch, yet an overall-activity for the US epoch. The overall-activity scheme for the US is 176 
further supported by direct examination of overall increases/decreases in firing-rates for direct gaze and 177 
US valence (Extended.Fig.4, Z-test p<1e-3). 178 

This finding was further validated by examining the scalar product between the two coefficients ( ߚԦ௚௔௭௘ 179 

and ߚԦ௩௔௟௘௡௖௘). If more neurons respond in similar proportion (correlated-selectivity), then the scalar- 180 
product would be positive; otherwise, the scalar product will be close to zero if neurons respond in 181 
random order (or negative if in opposite directions). In the amygdala, using CS-related activity 182 
outperforms a shuffling test (Fig.4d, bootstrap), yet using US-related activity does not (Fig.4e, bootstrap). 183 
In the ACC, neurons were similar or lower than the shuffled test (Fig.4f, bootstrap). In addition, the mean 184 
value for the US-related shuffled activity is higher than for the CS-related shuffled activity (Fig.4d,e, 185 
CS=0.1, US=1.8, bootstrap, p<0.05). This is because more neurons both in gaze and in US-valence 186 
increase their firing rate, resulting in a higher positive scalar product for shuffled neurons, further 187 
supporting the overall-activity scheme. In contrast, for the CS the similarity in the response increases the 188 
scalar product in the real neurons but not in the shuffled population. 189 

To test the two schemes at the population level, we computed the angles between the decision boundaries 190 
of two linear decoders: one boundary that separates EC from NEC and one that separates aversive from 191 
appetitive. When computed over the US epoch, or using ACC population, the decision boundaries of 192 
valence and gaze are closer to being perpendicular to one another (dot-product not significantly different 193 
from zero), whereas only using CS activity from the amygdala population shows a significant difference 194 
from perpendicular decision boundaries (Fig.4g, bootstrap, CI 95%).  195 
Finally, we trained the decoder on gaze and tested on valence while shuffling the order of neurons. This 196 
approach is used to test if it is the specific ensemble of neurons that matters, or just an overall increase in 197 
firing rate. In line with the previous results, performance using amygdala activity from the CS epoch was 198 
decreased dramatically from actual to shuffled neurons (Fig.4h, Extended.Fig.5 bootstrap analysis with CI 199 
95%), whereas using US activity it even slightly increased (Fig.4h,i,j, Extended.Fig.5  bootstrap analysis 200 
with CI 95%), further supporting the two different shared coding schemes: correlated-selectivity between 201 
gaze and CS-valence, and overall-activity between gaze and US-valence. 202 

The eyes of others became a prominent signal along evolution due to anatomical changes in facial 203 
morphology that forced a shift in salience from the shape of the face to the eyes 2. The importance of the 204 



amygdala in the processing of eye-gaze was shown in humans and in macaques 9, 15, 18. Here, we recorded 205 
neural activity in the amygdala and the ACC during live interactions in a modified version of the human 206 
intruder test (HIT)12 that included also a conditioning paradigm. Whereas both regions differentiated 207 
between valence in their CS-related and US-related responses 21, only the amygdala differentiated 208 
between averted vs. direct gaze of an intruder. This finding is in-line with multidimensional selectivity 209 
found in amygdala neurons25, 26 and increased robustness compared to the ACC27. Importantly, we find 210 
that in the amygdala, both CS-related and US-related responses are shared with the eye-gaze of the 211 
intruder and in a valence-specific manner, namely aversive (airpuff) to appetitive (reward) parallel direct 212 
to averted eye-gaze. Our results, obtained in live-interactions, comparing aversive-to-appetitive with 213 
natural eye-gaze, suggest that social value evolved from, or in parallel to, primary-reinforcer value. 214 
Together with recent findings28, the results further support the theory that processing of social stimuli and 215 
specifically eye-gaze does not occur in separate dedicated neural circuits 2, 28, 29.  216 

The naturalistic paradigm we employed enables live social interactions and therefore important for the 217 
interpretation of natural behaviors, yet it also imposes some constraints on the possible contributors. To 218 
address this, we validated that our findings cannot be explained by differences that accompany direct vs. 219 
averted eye-gaze, such as vocalizations (of any type, Extended.Fig.6a), self-motor activity 220 
(Extended.Fig.6b), facial expressions (Extended.Fig.6c-e), saccades (Extended.Fig.1b), and stimulus 221 
saliency (Extended.Figs.7,8,9,10). The fact that we identified two different coding schemes argues against 222 
the possibility that the shared code reflects a general saliency and/or category code (Extended.Figs.7,8). 223 
This was further supported by control experiments showing that amygdala neurons code for species- 224 
differences19, but this code was not shared with the outcome expectation (Extended.Fig.9); and additional 225 
experiments demonstrating that direct and averted gaze have different value compared to neutral trials 226 
(Extended.Fig.10).  227 

We identified two different coding schemes that allow decoding of value based on responses to eye-gaze. 228 
The overall-activity scheme that is shared across gaze and outcome (US) occurs by an overall increase in 229 
firing rate, and suggests a simpler mechanism that points to origins within the same circuitry, where an 230 
aversive outcome is similar in value to a predator gaze11 or to a threat by a peer. It is also in line with the 231 
findings of the human-intruder-test where gaze elicits anxiety6, 12, 30. The coding of expectation, namely 232 
the learned CS, was also shared with eye-gaze responses; but it was shared via a correlated-selectivity 233 
scheme that requires the responses to be correlated at a single-neuron level (rather than only on average 234 
over the population). Because correlated-selectivity might require more specific wiring design, and 235 
because the amygdala has evolved in parallel to the development of social interactions 31, 32, we suggest 236 
that correlated-selectivity could have facilitated the later evolution of other complex social processes such 237 
as learning by observation 8, 33 and social-based decision-making in extended circuits 16, 17. Specifically, it 238 
can be used by the animal to anticipate social outcomes based on context - a direct prolonged gaze likely 239 
calls for a challenge and predicts a confrontation that entails dangerous outcome; whereas an averted gaze 240 
usually predicts a submissive and permissive encounter and potentially rewarding (mating, food 241 
sharing/offering). There are very few contexts in which a prolonged gaze is positive (e.g. mother-baby 242 
interactions), and it would be interesting to test if amygdala ensembles reverse coding direction, or rather 243 
contribute to integration of cues in down-stream circuits. Overall, our findings suggest new insights into 244 
coding schemes in the primate amygdala that underlie social-interactions, valence, and outcome- 245 
expectancy, and provide a new framework to understand social-anxiety and the comorbidity of anxiety, 246 
depression, and impaired social interactions34.  247 
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Figure legends: 330 

Figure 1. Paradigm and behavior during the Human-Intruder-Test (HIT) and affective 331 
conditioning blocks.  332 

a. Human-Intruder-Test: The shutter opens and closes 18 times, and the human intruder 333 
pseudorandomly alters between direct-gaze (eye-contact, EC) and averted eye-gaze (no-eye- 334 
contact, NEC). 335 

b. Classical conditioning blocks of either appetitive (reward) and aversive (airpuff) stimulus. In 336 
these blocks, the shutter-open serves as a predictor (conditioned-stimulus, CS) to the 337 
appetitive/aversive outcome (unconditioned-stimulus, US). 338 

c. An example of the pseudorandom order of blocks in one recording session, with at least 120 339 
seconds between blocks. 340 

d. Regions of interest (ROI) for the eye-tracking of the observer monkey (left): Only to the eyes of 341 
the human intruder (green); Only to the face of the intruder (pink); The whole shutter (white); 342 
The whole possible space (gray). Notice we report the same regions even when there is no 343 
intruder (the regions are similar across intruders because the faces are accurately aligned by 344 
positioning). Cumulative density function (right) of the first time after shutter opening that the 345 
monkeys look into the eyes ROI, separately for HIT and for conditioning blocks.  346 
*** represents a significant difference (Kolmogorov-smirnov, p<1e-8, n-trials= 3108/2090 in 347 
HIT/conditioning trials; 49 sessions, 24/25 per monkey). 348 

e. Example of one shutter opening in an HIT block. Filled-circles (red) mark the location of the 349 
monkey’s gaze overlaid on an intruder real-position (schematic). Shown are three consecutive 350 
time windows (one before shutter opening and two after). 351 

f. Density function of all eye locations in the HIT blocks in the same three consecutive time 352 
windows as in (E). Immediately after shutter opening and for few hundreds of milliseconds, the 353 
monkey looks mainly at the eyes of the human intruder. 354 

g. Left: Proportion of looking to the eyes-ROI in EC and NEC trials (Mean +/- SEM). The monkey 355 
first looks to the eyes region of the intruder, and then immediately breaks fixation in NEC trials 356 
significantly more than in EC trials. 357 
Right: The difference in proportion of the monkey’s look towards the eye and to the face ROI 358 
between EC and NEC trials. Both are significantly positive indicating that in EC trials the 359 
monkey maintains fixation to the face/eyes of the intruder.  360 
Upper black line represents a significant difference (p<0.05, ߯2, n-trial=1480/1628 in NEC/EC). 361 

h. Shown are schemes of typical facial expressions made by the monkeys in EC trials (middle, 362 
“aggressive”), in NEC trials (right,”interest”), compared to a neutral expression (left).  363 

i. The overall change in the facial expression in EC and NEC (Mean +/- SEM). Shown is the Root- 364 
Mean-Square (RMS) of change in the image over the whole face (left) and only for the lower half 365 
of the face (right), compared to the neutral expression. Upper black line represents a significant 366 
difference (p<0.05, two-sided t-test, n-trial=1480/1628 in NEC/EC). See methods and 367 
Extended.Fig.2. 368 

j. Differences in heart-rate (Mean +/- SEM) between EC and NEC trials and between reward and 369 
airpuff trials. * and *** represent a significant difference (t-test, two-sided, p<0.05, n-trials 370 
1703/1765 in NEC/EC and p<e-3, n-trials 1352/712 in Reward/Airpuff). 371 



k. Differences in heart-rate-variability (HRV, Mean +/- SEM) between EC and NEC trials and 372 
between reward and airpuff trials. * and *** represent a significant difference (t-test, two-sided, 373 
p<0.05, n-trials 1703/1765 in NEC/EC and p<e-3, n-trials 1352/712 in Reward/Airpuff). 374 

l. Response (Mean +/- SEM) to aversive (airpuff) vs. appetitive (reward) in the oculomotor 375 
behavior. *** represent a significant difference (߯2 ,p<1e-3, n-trial=1375/715 in Reward/Airpuff) 376 

m. Differences in respiratory-rate (Mean +/- SEM) after shutter-opens between EC and NEC trials 377 
and between reward and airpuff trials. n.s and *** represent a non-significant/significant 378 
difference (t-test, two-sided, p=0.82, n-trials 1703/1765 in NEC/EC and p<e-3, n-trials 1352/712 379 
in Reward/Airpuff). 380 

 381 
 382 

Figure 2. The amygdala codes for gaze and valence, and the ACC mainly codes valence 383 

a. Recording locations: MRI with electrode directed into the BLA (AC=-3); Recording locations 384 
overlaid on a primate brain map (AC=0) and on an MRI scan (AC=0). 385 

b. PSTHs and raster plots of two representative neurons in the ACC and two in the amygdala during 386 
conditioning block. 387 

c. Proportion of neurons (Mean +/- SEM) in the ACC and the amygdala (n-neurons=356/203 388 
respectively) that respond to the CS (shutter-open) in aversive trials (left), appetitive trials 389 
(middle), and discriminate between the two (right). 390 

d. Proportion of neurons (Mean +/- SEM)  in the ACC and in the amygdala (n-neurons=356/203 391 
respectively) that respond after the US (outcome) to the airpuff (left), reward (middle), and 392 
discriminate between the two (right). ** represents a significant ߯2, p<e-2. 393 

e. PSTH and raster plot of two representative neurons in the amygdala during the human-intruder 394 
block (HIT). 395 

f. The proportion of neurons (Mean +/- SEM)  in the ACC and the amygdala (n-neurons=356/203 396 
respectively) that respond significantly in the HIT blocks, and that discriminate between EC and 397 
NEC (gaze neurons). * and *** represent a significant ߯2, p<0.05 and p<e-3 respectively. 398 

g. Overlaps in the number of neurons that respond across the different tasks. The size of each area is 399 
proportional to the percentage of neurons. The numbers inside the Venn diagram represents the 400 
total number of each group (Gaze neurons, CS valence and US valence) whereas the numbers 401 
outside represent overlaps. 402 

h. Population decoding accuracy for HIT vs. conditioning blocks. Discriminating appetitive from 403 
aversive with amygdala and ACC neurons is significant using both the CS and the US responses, 404 
whereas only the Amygdala can decode gaze i.e. eye-contact from no-eye-contact. Significant 405 
above chance was tested in bootstrap analysis (n_rep=1000, n_ACC=356, n_AMY=203) with CI 406 
95%. In the violin diagram, red represents median and black the mean. 407 

  408 



Figure 3. Shared coding for valence and gaze in amygdala neurons 409 

a. Population decoding accuracy (Mean +/- STD, bootstrap CI=95%, n_rep=1000, n_AMY=203) when 410 
training on eye-gaze (EC vs. NEC) and testing on valence (aversive vs. appetitive), using CS-related 411 
activity.  412 
Right-top inset: Similar format using ACC population (n_ACC=356).  413 
Right-bottom inset: Peak decoding accuracy using increasing numbers of neurons. 414 

b. Same as (A) but using US-related activity.   415 
c. The correlated-selectivity scheme. Here, neurons respond similarly to gaze and valence, meaning 416 

their response is correlated across NEC-to-EC and Appetitive-to-Aversive. Shown is 417 
the optimal linear separator for the neural population (demonstrated here for three neurons) during the 418 
HIT trials (EC trials in circles, NEC in triangles). A similar presentation is shown for the 419 
Conditioning (airpuff trials in circles, reward in triangles), overlaid with the separating surface from 420 
the HIT. The similar surfaces allow correct decoding. 421 

d. Same as (c) for the overall-activity scheme. Here, different neurons in the population respond with 422 
similar changes in firing rate to gaze and valence, but individual neurons are not correlated. 423 
Although the separating surfaces are different, neurons provide enough spikes overall to allow correct 424 
decoding. 425 

e. Distribution of Selectivity-index for Gaze (SIG, blue), overlaid with neurons that have the same 426 
direction of modulation for SIG and SIV (red), for CS activity (left), and US activity (right).  427 

f. Left: proportion of neurons (mean and SEM) with same direction of modulation is higher than chance 428 
in CS only (p<1e-3 ߯2, n_AMY=203,n_ACC=356), but not in US (shown is also ACC for 429 
comparison, dashed-line is chance level). 430 
Right: proportion of neurons (mean and SEM) with positive indices is higher than chance in US only 431 
(p<1e-3 ߯2, n_AMY=203,n_ACC=356), but not in CS (shown is also ACC for comparison, dashed- 432 
line is chance level). 433 

g. Selectivity-index for gaze (SIG) is correlated with the Selectivity-index for valence (SIV) across the 434 
whole population during CS activity only (r=0.26, p<0.01 taking only classically selective neurons 435 
with SI>1/3; r=0.2, p<0.01 for the whole population; US: p>0.4; t-tests).  436 
Right: Considering only positive indices (r=0.3, p<0.02, Pearson; US: p>0.4; t-tests two sided, 437 
n=203), demonstrating that the correlation is beyond sign only. 438 

  439 
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 441 

Figure 4. An overall-activity coding for eye-gaze and US-valence and a correlated-selectivity coding 442 
for eye-gaze and CS-valence  443 

a. Correlation (Pearson’s, n_AMY=203 and n_ACC=356) between the linear-regression coefficients of 444 
gaze (eye-contact vs. no-eye-contact, x-axis) and of valence (aversive vs. appetitive, y-axis) using 445 
CS-related activity. All amygdala neurons are shown. The beta values are from the time epochs of the 446 
maximal decoding from Fig.3. 447 

b. Same as (A) using US-related activity. 448 
c. Same as (A) and (B) for ACC activity, CS-related (top) and US-related (bottom). 449 
d. Neurons respond in the same direction for eye-gaze and valence using CS-related activity, as evident 450 

by the scalar-product between the coefficients of gaze and of valence for each neuron. Black asterisks 451 
represent data from real neurons and shaded-magenta is 95% confidence interval based on bootstrap 452 
shuffle.  453 

e. Same as (D) using US-related activity. 454 
f. Same as (C) and (D) for ACC activity, CS-related (top) and US-related (bottom). 455 
g. The angle between the decision boundaries derived from the population-vector of gaze and valence 456 

separately (shown is the scalar product between the two vectors). In the Violin diagram red represents 457 
the median and black the mean. n_AMY=203 and n_ACC=356 458 

h. Population decoding accuracy for real and shuffled neurons using CS-related activity. 459 
i. Same as (H) for ACC activity. 460 
j. Cumulative-distribution of the difference in decoding accuracy between real and shuffled neurons of 461 

the amygdala. *** represents a significant difference (Two-sample Kolmogorov-Smirnov, p<e-3, 462 
n_AMY=203). 463 
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Online Methods 465 

Animals and surgical procedures 466 

Two male macaca fascicularis (4–8 kg) were implanted with a round recording chamber above the 467 
amygdala and ACC covering both regions in both hemispheres. All procedures were approved and 468 
conducted in accordance with the regulations of the Weizmann Institute Animal Care and Use Committee 469 
(IACUC), following NIH regulations and with AAALAC accreditation.  470 

MRI based electrode positioning scans were acquired twice, on a 3-Tesla MRI scanner (MAGNETOM 471 
Trio, Siemens) with a CP knee coil (Siemens) and using 0.53mm resolution. A first scan before surgery 472 
was used to align and refine anatomical maps for individual animals (relative location of the amygdala, 473 
ACC and anatomical markers such as the interaural line and the anterior commissure), and to guide the 474 
positioning of the chamber on the skull. After surgery, we performed scans with deep electrodes directed 475 
toward the amygdala and the ACC (see for example Fig.2a), and calculate the anatomical anterior– 476 
posterior and lateral-medial borders relative to the penetrations. The depth of the amygdala is calculated 477 
from the dura surface.  478 

Electrophysiology recordings 479 

Each day, 1-3 multichannel (16 contacts each) microelectrodes vector arrays (NeuroNexus) were lowered 480 
into the brain using an electrode-positioning-system (NAN, Israel). Vectors were moved independently 481 
into the amygdala and ACC while identifying electro-physiological markers tracking the known 482 
anatomical pathway. We allowed 30 min for the tissue and signal to stabilize before starting acquisition 483 
and behavioral protocol. Data is pre-amplified and stored at 22Khz for later processing. In real-time a 484 
0.3Hz-6KHz band-pass filter and on-line spike sorting was performed using a template-based algorithm 485 
(Alpha Lab Pro, Alpha Omega). Off-line spike sorting was performed on the raw data for all sessions to 486 
improve unit isolation (offline sorter, Plexon Inc). 487 

Behavioral Paradigms 488 

Fast LCD shutter (307 × 407 mm) is placed between the monkey and the intruder (FOS-307 × 406-PSCT- 489 
LV; Liquid Crystal Technologies) to block visual site. Direct current (48v) through the LCD shutter turns 490 
it clear/transparent with an onset/offset rise time of <1ms. To enhance precision for neural activity we 491 
placed a photodiode (BPX65 Silicon PIN Photodiode) that can be detected with onset/offset of <1e-4ms. 492 
There are three types of blocks in each daily session: Human intruder; Airpuffs; Liquid rewards. The 493 
blocks are randomized along a session, with more than 120 seconds separating blocks (Fig.1).  494 

Human Intruder: Each block includes 6*3 shutter openings, in which the human intruder alters between 495 
Eye-Contact (EC) and No-Eye-contact (NEC) in a pseudorandom order. In both EC and NEC the human 496 
maintains gaze direction for 6-9 secs independently of the monkeys’ behavior. We generated a per-day 497 
pre-defined sequence of EC and NEC with 3 options of sequences that alter across sessions: seq1 498 
(BlockA: EC,NEC,EC,NEC,EC,NEC; BlockB: EC,EC,NEC,NEC,EC,EC; BlockC: 499 
NEC,NEC,EC,EC,NEC,EC); seq2 (BlockB, BlockC, BlockA) and seq3 (BlockC, BlockA, BlockB). This 500 
was aimed to randomize and prevent learning of EC/NEC order, but also to provide across-days statistics 501 
for neural recordings. The human intruder face was filmed and all the trials were monitored to validate 502 
that the intruders indeed maintained constant gaze and followed the daily sequence. 503 



Reward: Each block contains 10 trials with an inter-trial-interval of a pseudorandom 20-40 secs. In each 504 
trial the shutter opening serves as the conditioned-stimulus (CS) and was followed after 1sec delay by few 505 
drops of juice delivered to the monkey’s mouth. 506 

Airpuff - Each block contains 8 trials with an inter-trial-interval of a pseudorandom 20-40 secs. In each 507 
trial the shutter opening serves as the conditioned-stimulus (CS) and was followed after 1sec delay by air 508 
puff (5-15 Psi; located 5 cm from the face). 509 

The monkeys had information about which block is about to start as the human intruder paradigm starts 510 
with 5 secs of pure sinus wave (300Hz) followed by the human intruder entering the room and sitting in 511 
front of the monkey, with closed shutter. The monkey could not see any part of the human unless the 512 
shutter is open. 513 

Behavioral analysis  514 

Eye tracking 515 

A stationary monocular eye tracker was installed for the purpose of eye tracking and gaze estimation. The 516 
system included two cameras (Ximea_MQ013RG) – one for eye capturing of the monkey and one for 517 
intruders’ monitoring and an infrared LED light bar (MetaBright Exolight ISO-14-IRN-24) for face 518 
illumination and corneal reflection (CR) production. The eye-recording camera efficiently captured the 519 
CR due to its near IR (infra-red) property.  520 

Software implementation was based on the open source project ‘OpenEyes’ 35, which allows the 521 
estimation of subject’s point of gaze (POG) on the field of view (FOV) projection. In our case, the FOV 522 
scene images were extracted from the video stream of the intruder monitoring camera. The ‘OpenEyes’ 523 
framework makes use of the Starburst algorithm 36 for finding the pupil contour, and assesses the POG by 524 
the means of pupil center and CR method . The conditions of our experimental setup (brightly lighted 525 
room, large CR of near-rectangular shape and brown sclera of the subject ) required a slight modification 526 
of the original algorithm for pupil and CR detection. In our variation of the software, the shot noise 527 
reduction was skipped, and the CR wasn’t removed from the image after its detection, due to its large 528 
size. To find the pupil center, we extended the Starburst algorithm. After finding the features candidates 529 
for pupil contour, instead of fitting ellipse using RANSAC (random sample consensus) paradigm, we 530 
used the “imfindcircles” Matlab function, which searches for circle-candidates applying Hough transform 531 
based algorithm. To generate the input for the function, edges image was produced by gradient magnitude 532 
calculation followed by binarization. This procedure resulted in a black image with white edges, and was 533 
passed to “imfindcircles” with object polarity parameter set to “dark” (specifying that the object – the 534 
pupil - is darker than its background). The function returns a list of candidate circles, ordered by circle 535 
strengths. Starting from the circle with the biggest strength, the list is searched for the first circle 536 
containing a predefined number of minimum feature points that were extracted by the Srtarburst 537 
algorithm. Finally, the pupil center is estimated by the center of the found circle. A standard calibration 538 
procedure was performed, whereby the monkeys sequentially fixated on 3X3 known grid points in the 539 
scene image (according to the original openEyes implementation). To cause the subject’s fixation, the 540 
screen with the shutter closed, was consecutively illuminated by a laser pointer in the 9 locations. The 541 
exact frames of subject’s fixation were detected and coordinated with the illumination timings (each time 542 
the laser is activated, it records the exact time in the system). The human intruders were filmed 543 
throughout all the interactions with the monkeys, and their faces and eyes were marked both 544 



automatically and manually for validation. The 9 (3X3) fixation points were filmed by the same camera, 545 
allowing the projections of the fixation points and the intruders on the same plane. Each frame from the 546 
eyes of the monkeys therefore result in a point (x and y position) on this plane, allowing to calculate the 547 
gaze of the monkey in one of the four ROI’s – eyes of the intruders, face of the intruders, shutter region 548 
and all the rest.  549 

Facial expression 550 

One Ximea_MQ013RG camera filmed the face region of the recoded monkey in 34Hz. For every 551 
recording session, the mean image during the ‘alone’ period was calculated (i.e. when the monkey was 552 
alone in the room with closed shutter). This mean image (See Extended.Fig.2) was subtracted from every 553 
frame taken during the Human Intruder interactions. Root Mean Square (RMS) of all the pixels in this 554 
subtracted frame is then calculated and the mean and SEM are presented for EC and NEC trials (Fig.1i ). 555 
Additionally, each day we manually define 3 ROI’s – upper face, lower face and ears (See 556 
Extended.Fig.2). The same analysis is repeated separately to each ROI and differences between EC and 557 
NEC were validated across both for upper and lower face (Fig.1i and Extended.Fig.2)  558 

Heart Rate and Respiratory rate measures 559 

Piezoelectric pulse transducer: The cardiac and respiratory traces (for measure of Heart-rate, Heart-rate- 560 
variability and Respiratory-rate) 37 were recorded using a piezoelectric pulse transducer (UFI, model 561 
1010) in 2790Hz. We use an elastic belt about 23cm (9 inches) long and fasten extender belt to one end of 562 
transducer package using VELCRO™ closures all wrapped around the monkey’s chest. We use a 563 
piezoelectric pulse transducer (UFI, model 1010) glued around the center allowing direct sensing the 564 
heart pulse.  565 

For validation, the respiratory trace is recorded also using solid-state transducer which measures changes 566 
in chest or abdominal circumference due to respiration (UFI, model 1132) at 2790Hz. The signal from the 567 
piezo sensor also provides respiratory rate parameters, allowing two independent measures for 568 
comparison and calibration of parameters.  569 

The piezo-electric signal was processed using a custom made Matlab software. A respiratory trace was 570 
extracted using a first order Butterworth filter, and smoothed with running windows. Respiratory peaks 571 
were then extracted using ‘findpeaks’ function.  A cardiac trace was extracted by subtracting the filtered 572 
respiratory signal from the raw piezo-electric signal. The resulting signal was then processed for each day 573 
separately, using filtering and findpeaks parameters. The parameters of the day-specific processing were 574 
derived by comparing different sets of parameters to manually tagged cardiac peaks from each day. The 575 
resulting day-tailored processed signal was validated using manual inspection of all trials. In addition, the 576 
quality of each trial was manually rated, and noisy signal epochs were marked to validate that the result is 577 
not due to trials of insufficient quality.  578 

Respiratory rate and heart rate measurements were calculated for each trial using a sliding window of 1 579 
second and heart rate variability (HRV) using running window of 5 seconds, yielding a continuous signal 580 
for further analysis. The HRV measure is the standard deviation of normal-normal beat interval (SDNN), 581 
a well-established and frequently used measure 38. Finally, we normalized the changes in each measure by 582 
subtracting the mean value from the closed shutter epoch before each trial, to obtain evoked responses. 583 

Vocalizations 584 



Vocalizations were recorded using a microphone (PGA81, Cardioid Condenser Instrument Microphone), 585 
situated in close proximity to the monkey. The signal was processed using custom made Matlab software 586 
implementing a first order Butterworth filter and smoothed with running a window. Threshold detection 587 
was implemented after subtracting the background noise. Several thresholds were tested (1 STD, 2STD, 588 
3STD, 4STD) and the conclusions remain similar. 589 

Movement detection 590 

Two accelerometers were used in the experiment (EVAL-ADXL335Z, Analog Devices), one was 591 
attached to the monkeys’ chair and one to the setup itself. This allowed to differentiate acceleration 592 
caused by self-motor movements from other environmental noise. Movements were recorded in 2790Hz 593 
and processed using a custom made Matlab software implementing a first order Butterworth filter and 594 
smoothed with a running window. Peaks were then extracted using ‘findpeaks’ function.   595 

Comparing conditions 596 

We implemented a control based on the ‘thinning method’, traditionally used to compare distributions 597 
from different sources. Here, we compared the distribution of facial expressions or eye-gaze in EC vs. 598 
NEC trials. We created similar distributions of facial expressions (eye-movements) for EC and NEC 599 
trials, and repeated the main analysis.  600 

Neural activity analysis 601 

Single neuron analysis 602 

The analysis of the neural data focused on three time epochs. In the human intruder blocks, we focused on 603 
400-700ms after shutter opening. This time was chosen because of the oculomotor behavior of the 604 
monkeys (Fig.1) showing that the first time they can identify whether this is an EC or an NEC trial has an 605 
interquartile range of 180-700ms (see Fig.1d for the full CDF). All analyses were repeated (see 606 
Extended.Fig.1, Extended.Fig.5) also when aligning each trial according to the actual time in that trial that 607 
the EC/NEC information is available (first gaze to eyes ROI). Such an alignment was done in order to 608 
focus on the differences between EC and NEC of the intruder and because fixation shapes neural activity 609 
15. In the affective (reward/aversive) conditioning blocks, the neural data was taken from 0-300ms after 610 
the conditioned-stimulus, termed CS-related activity; and from 0-300ms after reward/airpuff delivery 611 
(outcome), termed US-related activity.  612 

Neural activity is normalized according to the baseline activity before the relevant block, using the same 613 
window length (300ms) to calculate the mean and standard deviation of the firing rate.  614 
Therefore, the normalized (z-scored) firing rate is: 615 ܴܨே௢௥௠௔௟௜௭௘ௗ = ܴܨ (݈݁݊݅݁ݏܾܽ)݀ݐݏ(݈݁݊݅݁ݏܾܽ)݊ܽ݁݉−  

These z-scores were used to quantify the percentage of responsive neurons to the different stimuli. T-tests 616 
are used to compare valence (airpuff to reward) or gaze (EC to NEC), and chi-square or binomial tests are 617 
used to compare proportions of neurons. 618 

Population decoding 619 



Pseudo-simultaneous population response vector is used for the decoding analysis. The same procedure as 620 
reported in details elsewhere 39 is used. The population vector contains spike counts of each neuron in a 621 
specific time bin. Each brain area has its own vectors, and the number of vectors is defined by the number 622 
of available trials: 623 ܸܲ	(ݐ)ሬሬሬሬሬሬሬሬሬሬሬሬሬԦ =< ,ଵ஼݊݋ݎݑ݁ܰ ,ଶ஼݊݋ݎݑ݁ܰ … , ே஼݊݋ݎݑ݁ܰ > 

 ሬሬሬሬሬሬሬሬሬሬሬሬԦ is the response vector of a specific trial in condition C, in time bin (t), in a brain region that has N 624(ݐ)ܸܲ 
neurons. We use the same number of neurons in the amygdala and ACC, therefore we randomly discarded 625 
excess neurons in the ACC, resulting in 203 neurons in both. 626 

There are four conditions, airpuff and reward that belong to the valence class and EC and NEC that 627 
belong to the gaze class. In the analysis that was conducted in Fig.2 we trained and tested within the same 628 
class, whereas in all other analyses we trained on one class and tested on the other class. If we change the 629 
order in the training, such that training for NEC yield airpuff and training for EC yield reward, the 630 
decoding accuracy is exactly (100-CorectDecoding, see Extended.Fig.3). For both the training and testing 631 
we used linear classifier based on maximization procedure of the SVM algorithm (fitSVM Matlab 632 
function). Each training set yields a boundary line (set of weights for every neuron) and a threshold that 633 
separates the two conditions under consideration. The same output from the training was then used to 634 
assess the accuracy in the test set.  635 

For a given neuron and a given condition we used 80% of the trials for training and 20% for testing when 636 
done within the same class. When we trained on one class and tested on the other, we used all the 637 
available trials for training and testing. The accuracy of every decoder was estimated by pseudorandom 638 
resampling from the available trials 1,000 times. 639 

In the analysis of Fig.4 we shuffled the neurons such that the index of each neuron in ܸܲሬሬሬሬሬԦ is randomly 640 
assigned. Therefore, the spike count of every neuron remains, but its position in the vector changes.  641 

Decision boundary analysis 642 

In order to estimate if the mechanism that allows decoding of one class based on the other is due to 643 
correlated-selectivity or overall-activity, we estimate the angle between the boundary lines. Every training 644 
sample yields a vector of weights: 645 ݕݎܽ݀݊ݑ݋ܤ஼௟௔௦௦ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬԦ =< ଵܹ, ଶܹ, … , ேܹ  ஼௟௔௦௦ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬԦ is the decision boundary of one training sample in a brain region with N neurons. Every 646ݕݎܽ݀݊ݑ݋ܤ <
brain region has two boundaries, one for gaze and one for valence.  647 

cos ߙ = ௏௔௟௘௡௖௘ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬԦݕݎܽ݀݊ݑ݋ܤ ∙ ௏௔௟௘௡௖௘ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬԦหݕݎܽ݀݊ݑ݋ܤ	௔௭௘ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬԦหீݕݎܽ݀݊ݑ݋ܤ ∗  |௔௭௘ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬԦீݕݎܽ݀݊ݑ݋ܤ	|
Each of the boundaries is sampled 1,000 times to obtain a distribution of angles. The results are presented 648 
as cos(ߙ) and not ߙ, so zero (0) values represent perpendicular boundaries. 649 

Linear regression analysis  650 



We estimated the tuning of the neurons to valence and gaze by linear regression analysis. The firing rate, 651 
FR, of every neuron is fitted during every time bin with one of the following equations: 652 ܴܨ௏௔௟௘௡௖௘ = ௏଴ߚ + ௏ߚ ∙ ௔௭௘ீܴܨ ݈ܸ݁ܿ݊݁ܽ = ଴ீߚ + ீߚ ∙  ݁ݖܽܩ

 653 ܸ݈ܽ݁݊ܿ݁ is 1 for airpuff trials and -1 for reward trials, whereas ݁ݖܽܩ is 1 for EC and -1 for NEC. The 654 
regression analysis yield for every neuron two coefficients, ߚ௏ and ீߚ .  655 

Scalar product of linear regression coefficients 656 

We calculated the scalar product between ߚԦ௚௔௭௘ and ߚԦ௩௔௟௘௡௖௘ where the vector sign indicates that it is a 657 

vector of all neurons in a certain brain region ߚԦ௚௔௭௘ =< ,భீߚ ,మீߚ … , ಿீߚ > and ߚԦ௩௔௟௘௡௖௘ =< ,௏భߚ 658 ,௏మߚ … , ௏ಿߚ >. The intuition behind this scalar product is that if more neurons response in a similar 659 
direction, then the scalar product is expected to be positive and vice versa.  660 

Ԧ௚௔௭௘ߚ ∙ Ԧ௩௔௟௘௡௖௘ߚ =෍(ீߚ೔ߚ௏೔)ே
௜ୀଵ  

We also calculated a shuffled version where a random index is used, and hence the multiplication of the 661 
coefficients is done across two different neurons. The shuffled scalar product is repeated 1,000 times. 662 

 663 

Selectivity-Index 664 

We calculated a selectivity index for each neuron in the amygdala and ACC for gaze (SIG) and for 665 
valence (SIV) in the following way:	 ܩܫܵ 666 = ே௢௥௠௔௟௜௭௘ௗா஼ܴܨ − |ா஼ܴܨே௢௥௠௔௟௜௭௘ௗܴܨ|ே௢௥௠௔௟௜௭௘ௗோ஼ܴܨ + ܸܫܵ |ோ஼ܴܨே௢௥௠௔௟௜௭௘ௗܴܨ| = ே௢௥௠௔௟௜௭௘ௗ௉௎ிிܴܨ − |௉௎ிிܴܨே௢௥௠௔௟௜௭௘ௗܴܨ|ே௢௥௠௔௟௜௭௘ௗோாௐ஺ோ஽ܴܨ +  |ோாௐ஺ோ஽ܴܨே௢௥௠௔௟௜௭௘ௗܴܨ|
We tested both the values of SIV and SIG separately, as well as the overlap between the two, and whether 667 
the selectivity is in the same direction (ܵܩܫ ∗ ܸܫܵ > 0). 668 

  669 



 670 

Extended Figures legends 671 

Extended.Fig.1. Differential behavioral response to EC and NEC 672 

a. Same format as Fig.1f but for all shutter ROI (and not just face ROI). As can be seen, the monkeys 673 
look at the face and eyes ROI mainly in the human intruder interactions. Left – the gaze density 674 
during all the sessions. 675 

b. Same format as Fig.1g, but aligned to the first time the monkeys looked to the intruder’s eyes ROI in 676 
each trial separately. 677 

c. Same format as Fig.1g-right, separately for each monkey 678 

 679 

Extended.Fig.2. Extracting differences in facial expression 680 

a. Examples of three original frames with different expressions, corresponding to the scheme in Fig.1h. 681 
b. For every recording session, we averaged over all frames from the baseline period resulting in the 682 

mean image (baseline was taken over the period before any trial when the monkey was alone in the 683 
room with a closed shutter). 684 

c. An example of a frame during EC (eye contact) interaction. 685 
d. The mean frame (b) is subtracted from the frame in (C) during the interaction, to obtain a ‘diff’/delta 686 

image. Three ROIs are defined manually for every day – Upper, Ears and Lower. 687 
e. Root Mean Square of every ROI is calculated (Mean +/- SEM). Shown are differences between EC 688 

and NEC in the Upper part (see main Fig.1 for other parts/ROI’s). Upper black line represents a 689 
significant difference (p<0.05, t-test two-sided, n-trial=1480/1628 in NEC/EC). 690 

 691 

Extended.Fig.3. Reversing valence directionality (NEC-EC to aversive-appetitive) 692 

a. Same format as in main Fig.3a,b. Population decoding accuracy (Mean +/- STD, bootstrap CI=95%, 693 
n_rep=1000, n_AMY=203)  but when training on eye-gaze (NEC vs. EC) and testing on valence 694 
(aversive vs. appetitive), using CS-related activity.  695 

b. Same as (a) but using US-related activity.   696 

 697 

Extended.Fig.4. Single-neurons activity across conditions.  698 

a. If overall-activity drives the successful decoding in the US epoch, we expect to find an overall 699 
change in the firing rate (increase or decrease) for gaze and for US valence. Indeed, we find that 700 
there are more valence positive neurons (increased firing rate to airpuff) in the amygdala in the 701 
US epoch, and that there are more gaze positive neurons (increased firing rate to EC) in the 702 
amygdala. Inset represent the mean and SEM, *** represent a significant differences in Z-test, 703 
p<e-3, n_AMY=203 and n_ACC=356). 704 

b. Decoding accuracy with and without neurons that code for gaze (n_AMY=203 and n_Rep=1000). 705 
Black and red lines represents the mean and median respectively. 706 



 707 

Extended.Fig.5. Decoding with trial-based alignment to shutter opening. 708 

a. Same format as in Fig.4h,i,j. Population decoding accuracy for real and shuffled amygdala 709 
neurons (n_AMY=203). Black and red lines represents the mean and median respectively. 710 

b. Same as (a) for ACC activity (n_ACC=356). 711 
c. Cumulative-distribution of the difference in decoding accuracy between real and shuffled 712 

neurons. *** represents a significant difference (Two-sample Kolmogorov-Smirnov, p<e-3, 713 
n_AMY=203). 714 

 715 

Extended.Fig.6. Behavioral differences between EC and NEC do not underlie neural findings  716 

a. An example of vocalizations during one trial of human intruder, measured using a microphone 717 
placed in close proximity to the monkey (see methods). Inset – the proportion of trials in which 718 
vocalizations occur. Notice there is a very small proportion of trials in which vocalization occur, 719 
and it was similar across EC and NEC trials (߯2, p=0.88, n=1738/1807 in NEC/EC). Due to the 720 
low number of vocalizations, we were not able to characterize different types of vocalizations. In 721 
addition, we repeated analyses after removing trials during which vocalizations occur, and the 722 
main results were unchanged.  723 

b. An example of movement in one trial in response to the human intruder, measured using an 724 
accelerometer attached to the chair of the monkey (see methods). Here as well there is a very 725 
small proportion of trials, and it was similar across EC and NEC trials. In addition, we repeated 726 
analyses after removing these trials, and the main results were unchanged. 727 

c. The overall change in facial expressions (Mean +/- SEM) between EC and NEC (as in Fig.1i). 728 
Shown is the Root-Mean-Square (RMS) of the change between the image over the whole face 729 
(main) and only for the lower half of the face (inset), compared to the neutral expression obtained 730 
from averaging over baseline period when the monkey was alone (see methods). There is a 731 
significant difference (t-test, two-sided, p<0.05, n-trials 1703/1765 in NEC/EC). 732 

d. Same as in (c) but after applying the ‘thinning method’ (iteratively selecting trials to obtain a 733 
similar distribution of behavior across EC and NEC; see methods). We applied the same also for 734 
eye-movements.  735 

e. Decoding accuracy using only trials with similar behavior across EC and NEC, taken after the 736 
‘thinning’ as shown in (d). Results remain the same (compare to Fig.4h). Violin – red for median 737 
and black for mean (n_AMY=203,n_REP=1000).  738 



 739 

Extended.Fig.7. Consistency across stimulus saliency (no within-day adaptation) 740 

Decoding accuracy divided into first and second half of trials; Similar results are obtained.  741 
The presentation is a merged format of Fig.4h and Fig.4i. 742 
Using CS-related activity (a,b) or US-related activity (c,d) in the first-half of trials (a,c) and second-half 743 
(b,d). In the violin diagrams red represents the nedian and black the mean. n_AMY=203, n_ACC=356 744 
and n_Rep=1000. 745 

Extended.Fig.8. Neuronal modulation. 746 

a. We divided the amygdala neurons into three groups: the first contains neurons that increase their 747 
firing rate (FR) to gaze and valence (61/203, positive betas in Fig.4a); the second group decrease 748 
FR to both gaze and valence (65/203, negative betas in Fig.4a); and the third group increase FR to 749 
one condition and decrease to the other (77/203).  750 
For the first two groups, the decoding accuracy of valence based on gaze (similar analysis as in 751 
Fig.4h for CS-related activity) was significantly higher than chance, indicating that the overall 752 
result reported in the main text is based on both increases and decreases in FR.   753 
Right: same but for ACC neurons. 754 
In the violin diagrams red represents the median and black the mean. 755 

b. Amygdala neurons were sorted according to degree of modulation (magnitude of 756 
beta_gaze*beta_valence; red line), decoding accuracy (mean) and its variance for increasing 757 
group size (namely, 10 with highest modulation, 20 …, and so forth) was re-calculated . This is 758 
compared to randomly choosing groups of similar size (green inset, notice the linear increase). 759 
The decoding accuracy increases until reaching a group size of 120-130 neurons (see dashed 760 
line), namely the number of neurons that contain the first two groups from (a) - only increasing or 761 
only decreasing FR (but not mixed).  762 
The bottom part shows the proportion of neurons from the two groups. It can be seen that both 763 
groups contribute to the increased accuracy.  764 
These results further support the conclusion that the shared neural mechanisms are not due only 765 
to increased firing rate, as an indication of saliency or alertness. 766 
n_AMY=203. 767 
  768 



 769 

 770 

Extended.Fig.9. Neurons code for species, but it is not shared with valence of CS  771 

a. We introduced monkey-intruder blocks (top) in a similar way to the human-intruder trials 772 
(bottom). The same neurons reported in the main analysis were recorded during the monkey- 773 
monkey interaction as well. Each recording session, on average two (out of 6) monkeys served as 774 
intruders. All the monkeys lived together for several years. 775 

b. Neurons in the amygdala (n=203), as well as in the ACC (n=356), code for species, namely 776 
differentiate human- from monkey-intruder (mean and SEM). Moreover, neurons differentiate 777 
between NEC-human and monkey-intruder. 778 

c. In contrast to the findings in Fig.4a, there is no significant correlation (Pearson’s correlation, 779 
r=0.05,p=0.45, n=203) between beta_species and beta_CS_valence, strongly arguing against a 780 
correlated-selectivity mechanism between species and CS.  781 

d. Decoding accuracy of CS-valence (n_AMY=203 and n_REP=1000) after training the decoder to 782 
differentiate species, is not different than chance-level and significantly smaller than the decoding 783 
accuracy of CS-valence based on gaze. In the violin red/black represents the median/mean. 784 

e. Differences in Heart Rate Variability (HRV) between monkey and NEC trials (as between EC 785 
and NEC trials, as also shown in Fig.1k). * represents a significant t-test two-sided, p<0.05, n- 786 
trial=1703/1765/1620 in NEC/EC/Monkey 787 

f. Despite differences in HRV (e), the findings in (d) remain similar when using either only EC or 788 
only NEC trials of the human intruder (n_AMY=203). In the violin red/black represents the 789 
median/mean. 790 

 791 

Extended.Fig.10. NEC trials are different than neutral trials 792 

a. We introduced Neutral trials, where a shutter open (CS) is followed by nothing. 793 
b. The Heart Rate is significantly lower in neutral trials compared to all others types, and 794 

specifically lower than NEC trials.  795 
Insets, Left: delta HR, same as in Fig1.j. ; Right: delta HR in the control days that included 796 
neutral trials, showing the same trend for all types, and no modulation for neutral trials. 797 

Together, this argues that the NEC trials are not salience-free, but rather highly salient in a different 798 
manner than the EC.   799 

n-trial=1703/1765/1620/1352/712 in NEC/EC/Monkey/Reward/Airpuff respectively. ***represents a 800 
significant t-test two-sided, p<e-3. Bar plots represents mean and SEM. 801 

 802 



Repetitions of EC and NEC 

6 x 3 times 

6 times, ~9 sec each 
Shutter close for ~1 sec before every repetitions 

EC NEC EC NEC EC NEC

No Eye Contact

(NEC)

Eye Contact

(EC)

Human intruder test (HIT)

Eyes ROI

Shutter ROI

Face ROI

-1to 0.15 [Sec] 0.15 to 0.8 [Sec] 0.8 to 1.5 [Sec]

a

g

d

h

x10 times 

Reward block Airpuff block

x8 times 

b

0 1 2 3 4 5 6
First gaze to Eyes ROI [Sec]

0

0.2

0.4

0.6

0.8

1

C
D

F

Social (HIT)
Non-Social

Single
trial

All
trials

Shutter  open

***

j

High

Low

[au]

[au]

HIT HITHIT HIT HIT HIT HITA R RA RA
Example of recording session

l

Neutral expression Response to EC Response to NEC

Single
trial

0 1 2 3 4 5
8.4

8.6

8.8

9

9.2

9.4

9.6

Time[sec]

A
ll 

fa
ce

 R
M

S
 [A

U
]

EC
NEC

0 1 2 3 4 5
4.9

5

5.1

5.2

5.3

5.4

5.5

Time[sec]

Lo
w

er
 fa

ce
 R

M
S

 [A
U

]

All
trials

e

f

i

[%
 E

ye
s]

-1 0 1 2 3 4 5 6
Time[Sec]

10

20

30

40

50

60

70

EC
NEC

Shutter open

 E
C

 - 
N

E
C

[%
]

Eyes ROI
Face ROI

-1 0 1 2 3 4 5 6
Time[Sec]

-5

0

5

10

15

20
Shutter open

c

-0.5 0 0.5 1 1.5 2 2.5 3
Time[Sec]

20

30

40

50

60

70

80

90

100

[%
S

hu
tte

r]

Shutter
 open

CS
or

Reward (US)

Airpuff
Reward

Outcome ***

Preparatory***

D
el

ta
 H

R
V

0

0.04

0.08

0.12
*

0

0.1

0.2

0.3

0.4 ***

Airpuff
Reward

-2

0

2

4

6 ***
EC
NEC

-1
0
1
2
3 *

D
el

ta
 H

R
D

el
ta

 R
R

-12

-8

-4

0
***

0

1

2

n.sm

k

Outside the shutter ROI 



ac -3 mm ac 0 mm

-0.5 0 0.5 1 1.5
0

2

4

6

8

10

12

14

-0.5 0 0.5 1 1.5
0

2

4

6

8

10

12

Airpuff

Reward

-0.5 0 0.5 1 1.5
0

1

2

3

4

-0.5 0 0.5 1 1.5
16

20

24

28

32

36

EC

NEC

CS CSUS US

CS CSUS US

Airpuff

Reward

a

b

c

18% CS 44% US

10% Gaze
  

8%

1%

2%

0%

20% CS 32% US

5% Gaze

11%

1%
1%1%

Gaze

N.S

ACC (N=356) AMY (N=203)

ACC

ACC

AMY

AMY

ACC
AMY

0

10

20

30

40

50

%
 N

eu
ro

ns

US ValenceUS Airpuff US Reward

**

e

g

h

f

0

5

10

15

20

25

30

35

HIT Gaze

*

***
%

  N
eu

ro
ns

FR
 [H

Z]
FR

 [H
Z]

FR
 [H

Z]
FR

 [H
Z]

Time[Sec] Time[Sec]

Time[Sec] Time[Sec]

Outcome

Expectation Outcome Expectation Outcome

Expectation Outcome Expectation Outcome

Expectation Outcome
Expectation Outcome

CS Reward CS ValenceCS Airpuff

%
  N

eu
ro

ns

0

5

10

15

20

25 Expectation

-0.5 0 0.5 1 1.50

1

2

3

4

5
Shutter open

FR
 [H

Z]
Time[Sec]

AMY

FR
 [H

Z]

-0.5 0 0.5 1 1.5
24

25

26

27

28

29

30

31

Time[Sec]

AMYShutter open

d

US
Valence

 D
ec

od
in

g 
A

cc
ur

ac
y[

%
]

0

20

40

60

80

100

 D
ec

od
in

g 
A

cc
ur

ac
y[

%
]

0

20

40

60

80

100

CS
Valence

 D
ec

od
in

g 
A

cc
ur

ac
y[

%
]

0

20

40

60

80

100

Chance



a

0 40 80 120 160 200
Number of neurons

0

20

40

60

80

100

A
cc

ur
ac

y 
C

S

Number of neurons
0

20

40

60

80

100

A
cc

ur
ac

y 
U

S

0 40 80 120 160 200

-0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5
30
40
50
60
70
80
90

100

Chance

CS

  A
cc

ur
ac

y[
%

]

Time[Sec]

Expectation
ACC
AMY

-0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5
30
40
50
60
70
80
90

100

Chance

Outcome
US

 A
cc

ur
ac

y[
%

]

Time[Sec]

b

Time[Sec]
-0.2-0.1 0 0.1 0.2 0.3 0.4 0.5

20

40

60

80
CS

 A
cc

ur
ac

y[
%

]

Time[Sec]
-0.2-0.1 0 0.1 0.2 0.3 0.4 0.520

40

60

80
US

 A
cc

ur
ac

y[
%

]

0
10
20
30
40 SIG>0 and SIV>0

10

30

50

70 SIG*SIV>0

%
 N

eu
ro

ns

%
 N

eu
ro

ns

CS CS US

Overall-activity
Intruder

Conditioning

Neuron 1Neuron 2

N
eu

ro
n 

3 
(F

R
)

Conditioning

Intruder
Correlated-selectivity

EC trials
NEC trials

Airpuff trials 
Reward trials

Neuron 1
Neuron 2

N
eu

ro
n 

3 
(F

R
)

Neuron 1
Neuron 2

N
eu

ro
n 

3 
(F

R
)

Neuron 1Neuron 2

N
eu

ro
n 

3 
(F

R
)

c SIG*SIV>0

-1

-0.6

-0.2
0

0.2

0.6

1

S
IV

-1 -0.6 -0.20 0.2 0.6 1
SIG

0

4

8

12

16

20

0

4

8

12

16

20

-1 -0.6 -0.2 0 0.2 0.6 1 -1 -0.6 -0.20 0.2 0.6 1

# 
N

eu
ro

ns

# 
N

eu
ro

ns

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

SIG

CS CS US

* *

d e
SIG

f

g

S
IV

CS US



-0.6

-0.4

-0.2

0

0.2

0.4

0.6
Expectation Outcome

C
os

 (A
ng

le
)

ACC

B
et

a 
C

S
 V

al
en

ce

Beta Gaze

R=0.4 
P=e-8

-1 -0.8 -0.6 -0.4-0.2 0 0.2 0.4 0.6 0.8 1
-2

-1.5

-1

-0.5

0

0.5

1
1.5

2
Expectation

AMY

a

g

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-2

-1.5

-1
-0.5

0

0.5

1

1.5

2

B
et

a 
U

S
 V

al
en

ce

Beta Gaze

R=0.03 
P=0.6

Outcomeb

h i

Outcome

R=0.03 
P=0.5B

et
a 

U
S

 V
al

en
ce

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

R=-0.1 
P=e-2

Expectation

B
et

a 
C

S
 V

al
en

ce

Beta Gaze

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

e

Time[Sec]

G
az

e 
* 

Va
le

nc
e

-3

-2

-1

0

1

2

3

-0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5
-3

-2

-1

0

1

2

3

Outcome

Expectation

c

d

-0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5
-4

-3

-2

-1

0

1

2

3

4

Time[Sec]

G
az

e 
* 

Va
le

nc
e

Expectation
CS

Real neurons
Shuffled neurons

-0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5
-4

-2

0

2

4

6

8

10

G
az

e 
* 

Va
le

nc
e

Time[Sec]

Outcome
US

f

0

Expectation

Normal Shuffle Normal Shuffle

 A
cc

ur
ac

y[
%

]

20

40

60

80

100 Outcome

  A
cc

ur
ac

y[
%

]

Normal Shuffle Normal Shuffle
0

20

40

60

80

100

Expectation Outcome

j

-40 -30 -20 -10 0 10 20 30 40 50 60
0

0.2

0.4

0.6

0.8

1

Normal-Shuffle [%]

***

Expectation (CS)

Outcome (US)

C
D

F


	Article File
	Figure 1
	Figure 2
	Figure 3
	Figure 4

