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State-specific and supraordinal components 
of facial response to pain 
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Abstract— Pain inadequate treatment is frequent in modern society, with major medical, ethical, and financial implications. In 

many healthcare environments, pain is quantified prevalently through subjective measures, such as self-reports from patients or 

health care providers’ personal experience. Recently, automatic diagnostic tools have been developed to detect and quantify pain 

more “objectively” from facial expressions. However, it is still unclear if these approaches can distinguish pain from other aversive 

(but painless) states. In the present study, we analyzed the facial responses from a database of video-recorded facial reactions 

evoked by comparably-unpleasant painful and disgusting stimuli. We modeled this information as function of subjective 

unpleasantness, as well as the specific state evoked by the stimuli (pain vs. disgust). Results show that a machine learning 

algorithm could predict subjective pain unpleasantness from facial information, but mistakenly detected unpleasant disgust, 

especially in those models relying in great extent on the brow lowerer. Importantly, pain and disgust could be disentangled using 

an ad hoc algorithm that rely on combined information from the eyes and the mouth. Overall, the facial expression of pain contains 

both specific and unpleasantness-related information shared with disgust. Automatic diagnostic tools should be guided to account 

for this confounding effect. 

Index Terms—Diagnosis or Assessment, Emotion in human-computer interaction, Health care, Nonverbal signals; Synthesis of 

affective behavior. 

——————————      —————————— 

1 INTRODUCTION

HE burden of unrelieved pain is a public health 
problem worldwide with enormous costs of healthcare 

systems [1]. Differently from most medical conditions, 
which are diagnosed on the basis of reliable biomarkers or 
radiological imaging, pain is difficult to quantify with 
certainty [2], as it often lacks a visible cause and it is mainly 
assessed on the basis of self-reports and indirect 
information about its presence. It is therefore not 
surprising, but still highly problematic, that pain is often 
misdiagnosed and inadequately treated, even in 
specialized medical institutions [3], [4], an issue that affects 
especially women [5] and ethnical minorities [6]. 

Currently, the most popular approach to quantify pain 
is through self-reports, in which patients evaluate their 
subjective experience on a scale ranging from “no pain at 
all” to “the worse pain imaginable”. However, self-reports 
rely on patients’ linguistic/intellectual ability to interact 
with healthcare providers, which could be challenging for 
young children, individuals speaking a foreign language, 
and patients suffering from cognitive impairments. They 

are also susceptible to the idiosyncratic properties of 
assessment tool implemented (kind of scale, precise labels 
used as anchors), which vary even among operators from 
the same hospital [7]. Furthermore, they are influenced by 
social factors, such as desirability [8], conformity [9], and 
belonging group [10]. Most critically, self-reports might be 
mistrusted by healthcare providers due to risk of 
deception [3], as patients could overrate their pain in order 
to obtain attention or non-necessary medication. 

1.1 Facial Reactions to Pain 

In the recent years, there have been several attempts at 
developing diagnostic tools for pain that are not bound to 
the subjectivity of the human judgment (from either 
healthcare providers or patients). One popular approach 
has been to model spontaneous facial expressions in order 
to obtain an unbiased estimate of patients’ pain. 

In particular, following the introduction of Facial Action 
Coding System (FACS) [11], scholars proposed that the 
experience of pain might be characterized by the contraction 
of coordinated facial muscle groups (Action Units [AU]), 
which appears conserved regardless of whether the noxious 
stimulation was conveyed by electric shock, cold 
stimulation, pressure, etc. [12], [13]. This prototypical facial 
reaction to pain – characterized by brow lowering (AU 4), 
orbit tightening (AUs 6-7), levator contraction (AUs 9-10), 
mouth opening (AUs 25-27), and eye closure (AU 43) – was 
found to be stable across genders [14], across age (when 
accounting for age-related morphological changes in the 
face, [15]), and in presence of cognitive impairments (see 
[16], [17] as systematic reviews). 

Despite the apparent stability of the prototypical pain 
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expression, a strong inter-individual variability has been 
observed, which cannot be easily explained in terms of 
gender, age, or even experienced intensity. Indeed, it has 
been suggested that, in addition to the standard engagement 
of AUs 4, 6, 7, 9, 10, 25-27 and 45, pain could in some cases 
lead to the rise of the eyebrows (AUs 1/2), or even the lips 
pressor (AU 24) [16], [18], [19]. Such heterogeneity in the 
AUs response to experiences rated in comparable fashion 
[18], opens the issue of which aspect of pain expression is 
coupled with self-reports, as only part of the studies in the 
literature found positive relationship between how a painful 
event affects individuals’ face and their explicit ratings [20]. 

In most of the studies above, facial responses were 
analyzed by FACS expert scorers who visually inspected 
pre-recorded video-clips. However, recent algorithms for 
automatic extraction of facial features [21], allowed the 
development of rapid and observer-independent diagnostic 
tools. These approaches proved sufficiently powerful in 
extracting coherent information from the face, in detecting 
the occurrence of pain [22] and even in distinguishing 
between genuine and spontaneous expressions [23]. 

1.2 Similarity with other states 

Despite a wealth of research in the facial response to pain, it 
is still unclear to which degree it is specific to this particular 
experience, or whether it generalizes to other affective 
responses. Indeed, most of the AUs involved in the pain 
expression have been associated to various emotional states, 
such as anger, fear, disgust and surprise [24], [25]. 
Furthermore, analysis of facial reactions evoked by painful 
venipuncture revealed expressions reminiscent of disgust, 
anger, fear and even happiness [26]. Likewise, comparison 
of the facial reactions evoked by painful temperatures and 
disgusting pictures identified the engagement of similar 
AUs (specifically 4, 6, 7, 9 and 10), with subtle changes in 
terms of frequency and patterns of co-occurrence [25]. 

The issue of the similarity of the pain expression to 
other states is relevant from both a theoretical and 
translational perspective. Among the different accounts, 
some are consistent with the idea that the expressions of 
pain and other states might underlie some common 
properties, such as core emotional dimensions [27], or 
patterns of appraisals [28]. More specifically, some AUs 
shared between pain and disgust or fear might reflect the 
comparable intrinsic unpleasantness between these 
qualitatively distinct experiences, an hypothesis often put 
forward for interpreting the properties of the brow lowerer 
(AU 4) [29]. Alternatively, there is an overall consensus at 
characterizing pain as a signal for “actual or potential 
tissue damage” [30]. Interestingly, theories of disgust 
propose a similar characterization, suggesting that this 
experience evolved from a chemosensory aversive signal 
for potential poisoning/intoxication (the facial reaction to 
disgust has the effect of reducing the amount of inspired 
air [31]), to a more broad reaction to contaminations, 
diseases, and “violations of the body envelope” [32]. 
Hence, the commonalities in the facial responses of pain 
and disgust might reflect the similar evaluation of an event 
as potentially threatening for one’s body, consistently with 
recent studies implicating AUs 4, 9, or 10 in events 

appraised as unpleasant and obstructive [33]. 
Most importantly, from a translational point of view, if 

facial responses are to be used for efficient diagnostic tools, 
then features shared with other states need to be pulled 
apart from those specifically diagnostic of pain, in order to 
minimize misclassifications, and prevent prescription of 
analgesics to individuals who are simply afraid or 
disgusted. In this perspective, it is still unclear whether 
models predictive of pain from facial expressions may also 
predict other unpleasant (but painless) states. 

1.3 The present study 

In this study we assessed the degree to which automatic 
decoding of pain expressions relies on facial features 
specifically discriminant of pain, or on responses shared 
with other unpleasant states. To achieve this aim, we 
compared responses evoked by thermal pain against those 
associated with chemosensory disgust [25], [34]–[36]. This 
control condition is ideal for our purposes, as it shares with 
pain an intrinsic unpleasantness, as well as similar 
appraisal patterns (about life obstructive, body violating 
events). Hence, disgust might represent the most stringent 
control condition to assess the specificity of facial response 
to pain, whilst accounting for the intervening effects of 
supra-ordinal features inherent to many different states. 
More specifically, we video-recorded facial responses of 
spontaneously evoked pain and disgust, and fed the video-
stream to an algorithm for automatic expression analysis. 
The subjective unpleasantness of these two states was 
carefully monitored to ensure that, despite their many 
qualitative differences, they could be comparable at least 
under such dimension. We then tested whether a model 
tailored at detecting pain unpleasantness, could also 
mistakenly detect matched disgusting events. Finally, we 
compared pain and disgust expressions directly, in order 
to map specifically-diagnostic facial responses regardless 
of supra-ordinal coding of unpleasantness. 

2 METHODS 

2.1 Participants 

We used a database representing 29 volunteers (10 males, 
average age = 25.00, SD = 3.46), who took part to a study 
investigating the interplay between pain and disgust in 
social cognition (whose details are reported elsewhere 
[37]). As part of the experimental protocol, participants 
underwent two preliminary sessions involving the 
delivery of olfactory and thermal stimulations (see also 
[34]–[36]) while their facial expressions were video-
recorded. The data from these two sessions are the main 
focus of the present research. 

2.2 Olfactory Stimulations 

Odorants were delivered to the subjects’ nostrils by means 
of rubber cannulas connected to a computer-controlled 
olfactometer, through a procedure identical to that of our 
previous studies [34]–[36]. In sum, participants underwent 
13 odorant stimuli. Among these there were isovaleric acid 
(evoking dirty socks) and sclarymol (evoking sweat), 
chosen based on previous studies for their ability to evoke 
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disgust in the participants [38] (see Appendix A), and 
which were diluted at four different concentrations (0.1%, 
0.5%, 1%, 5% and 10%) on a solution of odorless 
dipropylene glycol. As controls, lavender and shampoo 
(10%) were used to elicit positively-valenced experiences 
in participants. The 13th stimulus was an odorless solution 
containing only dipropylene glycol. Odorants were 
delivered to the participants following a cued-sniffing 
paradigm [34]–[36]: this was characterized by 3 s 
countdown with the instruction “Breathe-out”, during 
which participants had to expire, and a subsequent 
instruction “Breathe-in” presented concurrently with the 
odorant delivered. This trial structure allowed to minimize 
the breathing pattern variability and to synchronize the 
respiration cycle with the odorant delivery. After each 
stimulus, participants were asked to rate the subjective 
unpleasantness on a visual analogic scale (VAS) ranging 
from “extremely pleasant” to “extremely unpleasant”. The 
13 stimuli were presented twice in random order, and the 
overall session lasted approximately 15 minutes. 

2.3 Thermal Stimulations 

Thermal stimuli were delivered through a computer 
controlled thermal stimulator with a 25 x 50 mm fluid-
cooled Peltier probe (MSA, Thermotest), attached to 
participants’ leg. Participants underwent a double random 
staircase (DRS) paradigm identical to previous studies 
[34]–[36], aimed at identifying stimuli within the same 
range of unpleasantness of those of the olfactory session. 
The DRS procedure selected a given temperature on each 
experimental trial according to the previous response of 
the participant. Trials rated as more unpleasant than the 
given cut-off (selected in a subject-specific way, from 
ratings for the most unpleasant odor) led to a subsequent 
lowered temperature in the next trial; whereas trials rated 
as less unpleasant than the given cut-off led to a 
subsequent higher temperature. To avoid participants 
anticipating a systematic relationship between their rating 
and the subsequent temperature, two independent 
staircases were presented randomly. Thermal stimuli were 
cued by the text string “Temperature is changing”, 
concomitant to the delivery of the heat stimulation. Each 
thermal event was composed of 3 s of rise time, 2 s of 
plateau at the target-temperature, and 3 s of return to 
baseline (37°C). After each thermal stimulus, participants 
evaluated the unpleasantness felt on the same VAS used 
for the olfactory stimulations. This was presented just after 
the 2 s of plateau stimulation, when the temperature 
started to return to baseline, and lasted until participant 
provided a response. In a previous study using the same 
hardware and settings (ramp-up time, duration, 
participants’ posture, stimulation site, etc.) than ours, 
temperatures were reported as painful on average at 49.4 
°C [39]. This session lasted approximately 10 minutes. 

2.4 Apparatus 

Stimuli presentation was controlled using Cogent 2000 
(Wellcome Dept., London, UK), as implemented in Matlab 
R2012a (Mathworks, Natick, MA) and rating responses 
were collected through two keyboard arrow keys which 

controlled the horizontal position of a marker on the VAS. 
Online video-recordings of participants’ facial expressions 
were obtained through a Logitech USB HD Pro web 
camera C920 (Apples, Switzerland) mounted on the 
computer screen. All video-streams were recorded from a 
frontal view. The zooming was adjusted on subject-by-
subject basis to allow full coverage of the face, and was 
kept fixed for all testing within the same subject. 
Participants carried out the tasks alone in the experimental 
room, aware that they were video-recorded. 

2.5 Data Processing 

De-identified data and processing codes are available 
under the Open Science Framework: https://osf.io/q5mve/ 

2.5.1 Single subject analysis 

Video-recordings of each session were down-sampled to 
10 Hz and fed to the Computer Expression Recognition 
Toolbox (CERT) [40] for automated frame-by-frame 
analysis of facial AU responses. This software combines 
Gabor wavelet decomposition of and support vector 
machine (SVM) classification to estimate the likelihood of 
specific facial responses grouped in 20 AUs: namely AU 1, 
2, 4, 5, 6, 7, 9, 10, 12, 14, 15, 17, 18, 20, 23, 24, 25, 26, 28, and 
45. For each AU, and for each video-frame, CERT provides 
the distance of the extracted data vector from a SVM 
hyperplane discriminating whether or not a facial response 
occurred (see Figure 1A). This is a continuous measure of 
the likelihood of a given AU response which, however, has 
not an established cut-off for inferring whether a given 
muscle was or was not engaged. Interestingly, previous 
investigations suggested that such continuous measure is 
more informative of the strength of the response (rather 
than its’ occurrence), as it partially correlates with the AU 
intensities from FACS expert coders [21]. This is in line 
with evidence showing that classifiers purposefully 
trained at estimating intensity outperform those predicting 
merely facial muscle engagement [41]. 

For each subject, each AU, and for thermal and olfactory 
sessions separately, we analyzed the z-transformed CERT 
output by a general linear model (GLM) as implemented 
in PsPM 3.0.2 Matlab-based toolbox [42] 
(http://pspm.sourceforge.net). More specifically, the 
occurrence of thermal/olfactory stimuli was modeled 
through a finite impulse response basis function [43], 
consisting in a 20 boxcar regressors of 1 second each. This 
approach assesses event-related changes in facial reactions 
for a time-window of interest (in our case 20 seconds), 
without any a priori assumption on the dynamics of the 
response [43]. Trials were grouped in five conditions 
according to the online ratings provided by participants: 
neutral (stimuli rated between +9.9 and -9.9 on a VAS 
ranging from +50 [extremely unpleasant] to -50 [extremely 
pleasant]), low (stimuli rated between 10 and 19.9), medium 
(20 and 29.9), high (30 and 39.9) and extreme (40 and 49.9). 
Furthermore, as additional conditions of no interest, we 
modeled stimuli assessed positively (< -10), and those 
rated at ceiling unpleasantness (50). Indeed, the latter kind 
of stimuli are difficult to interpret as participants could 
have been prevented by the physical boundary of the scale 

http://pspm.sourceforge.net/
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to express their subjective experience. Hence, stimuli rated 
at the highest extreme might not be truly matched for 
unpleasantness. Overall, for each subject, we had up to 7 
conditions. Importantly, in some subjects specific 
conditions were not modeled, as trials were never rated 
within the range of interest (someone was less bothered by 
disgust than pain, and never reached extreme levels of 
unpleasantness for olfaction; another rated stimuli in a 
binarized fashion, providing all neutral or extreme values 
without venturing in intermediate levels; etc.). The missing 
cells in the overall data matrix were 13.79% of the total. 

For each condition, 20 parameters were estimated (βs), 
referring to the changes in the likelihood of given AU 
across 20 seconds following the stimulation (see Figure 
1B). Positive parameters refer to more likely facial response 
with respect to non-modeled parts of the signal (the time 
prior and following the time-window), whereas negative 
parameters refer to less likely facial engagement. These 
parameters were then used to calculate the Area Under the 
Curve (AUC), as overall estimate of stimulus-evoked 
change in facial response across 20 seconds. 

2.5.2 Group-level univariate analysis 

In exploratory fashion, we tested if the likelihood of facial 

AUs responses increased linearly with the unpleasantness 
of pain and disgust. Thus, for thermal and olfactory 
sessions separately, and each AU, we fed individual AUCs 
in a linear mixed model with Unpleasantness as 
continuous predictor (the five levels: neutral, low, medium, 
high and extreme were recoded as 0, 15, 25, 35 and 45). 
Subjects’ identity (sID) was modeled as a random factor 
(with random intercept and slope for Unpleasantness). 

Subsequently, we assessed potential differences in facial 
responses between pain and disgust. We therefore 
discarded data associated with neutral/low events, and 
considered AUC associated with medium, high and extreme 
levels of unpleasantness (ranging from 20 and 49.9 
ratings). These were fed in linear mixed model with State 
(pain vs. disgust) as fixed effect. Furthermore subjects’ 
identity was specified as random factor (with random 
intercept and slope for State). The 95% confidence intervals 
of the models’ parameters were calculated by repeating the 
analysis through 2000 bootstrap resamples of the original 
dataset, as implemented in the function bootMer in the lme4 
package of R 3.6.1 software (https://cran.r-project.org/). 
Effect sizes were calculated in terms of Cohen 𝑓2 =
 (𝑅𝑓𝑢𝑙𝑙

2 − 𝑅𝑟𝑒𝑑
2 ) (1 −  𝑅𝑓𝑢𝑙𝑙

2 )⁄  [44] where 𝑅𝑓𝑢𝑙𝑙
2  refers to the 

coefficient of determination of the model tested, and 𝑅𝑟𝑒𝑑
2  

 

Fig. 1. (A) Representation of the processing pipeline for facial analysis. Videos of individuals wearing rubber canula in their nose were processed 
through CERT. For each video-frame, the likelihood of a given Action Unit (e.g., AU 4) response is described in terms of deviation from a SVM 
hyperplane classifying movement occurrence. (B) Barplots displaying time-course changes in facial response in the 20 seconds following pain 
(left side) and disgust (right side). Data from the brow lowerer (AU 4, for both pain and disgust), the lid tightener (AU 7, disgust) and blink (AU 
45, pain) are displayed, with white dots referring to stimuli rated as Neutral (average ~ 0 unpleasantness in a scale up to 50), and grey and black 
dots referring to Medium (~ 25) and Extreme unpleasantness (~45) respectively. Error bars refer to standard error of the mean. For readability 
purposes only three levels of unpleasantness are displayed, although the statistical analysis was carried out over all five estimated levels. The 
barplots are associated with computer-based reconstruction of facial responses in the brow lowerer (AUs 4) and blink (AU 45) (for pain, left half 
of the face) and the bow lowerer (AU4) and lid tightener (AU 7) (for disgust, right half). 

https://cran.r-project.org/
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the coefficient of a reduced model in which the factor of 
interest (e.g., Unpleasantness or State) was not specified. 
Conditional coefficients of determinations for linear mixed 
models were estimated through the MuMin package of R. 

2.5.3 Multivariate Pattern Regression 

We used SVM regression to assess whether the combined 
information of all AUs was predictive of pain and disgust 
unpleasantness. SVMs operate by finding an optimal linear 
model (hyperplane) that predicts experimental states 
within maximum margin [45]. Although this approach is 
usually best suited for linear modeling, kernel functions 
can be used to operate in high-dimensional feature spaces, 
so that a linear algorithm can be used to learn non-linear 
functions. For the purposes of this study, we used a SVM 
regression using a radial basis function. 

For both pain and disgust, we extracted the AUCs 
associated with 19 of the 20 original AUs, as univariate 
analysis suggested that AU 17 might be confounded by 
neutral odors (see Results). This led to a 19 (AUs) x 145 
(29 subjects* 5 unpleasantness levels) x 2 (pain, disgust) 
data matrix. As this matrix contains missing data, related 
to absence of trials rated in specific unpleasantness 
ranges (see above), we took into consideration only those 
subjects/unpleasantness levels with no missing data 
across the two states. This led to a 19 x 110 x 2 matrix 
(24.14% less that the full dataset) which was fed to a SVM 
regression routine. The proficiency of the algorithm at 
predicting experienced unpleasantness from facial 
responses was assessed with leave-one-subject-out cross-
validation, where the unpleasantness associated with 
each participant was predicted by a model tailored on the 
data of the remaining 28 participants. At each cross-
validation fold, the model was optimized by doing a grid 
search over different combinations of hyper-parameters 
(C, ε & γ, all ranging between [10-4, 10-3, 10-2 … 102]) and 
then choosing the combination leading to the best 
prediction (smallest error) within the training data 
through an inner cross-validation loop. As overall 
measure of predictive proficiency, we calculated the 
mean squared error (MSE), reflecting the deviation 
between unpleasantness actually rated, and the one 
estimated from facial responses.  

For the purposes of this study, we run both within-
state and between-states regressions. Within-state 
regression refers to the proficiency of the SVM to predict 
unpleasantness in out-of-sample data of the same state: 
e.g., a model trained on pain data in 28 subjects is used to 
predict pain unpleasantness in the 29th participant (Pain 
→ Pain). Between-states regression refers to the 
proficiency of the algorithm to predict unpleasantness of 
a different state: e.g., a model trained on pain data in 28 
subjects is used to predict disgust unpleasantness in the 
29th participant (Pain → Disgust). This lead to four 
separate MSEs, referring to within-state and between-
states predictions for both pain and disgust (Pain → Pain, 
Pain → Disgust, Disgust → Pain, Disgust → Disgust). 
These were considered to be significant if lower than the 
5th percentile of the distribution of 2000 MSEs obtained 
by re-running the same analysis procedure on permuted 

datasets. In each permutation, we repeated the whole 
cross-validation procedure on a matrix in which the data 
of each individual subject (19 AUs x 5 unpleasantness) 
was shuffled across the five unpleasantness levels, so that 
data were randomly assigned to the condition labels. AUs 
contribution to the overall prediction was assessed using 
the method described by Guyon and colleagues [46] for 
non-linear SVM kernels, which assesses the impact of the 
removal of each AUs on the model’s predictive ability. 

2.5.4 Multivariate Pattern Classification 

We also trained a SVM classifier to discriminate between 
comparably unpleasant pain and disgust. For this purpose, 
we focused on the AUCs associated with the medium-to-
extreme levels of unpleasantness. This led to a 19 x 54 x 2 
data matrix, which was a subportion of the 19 x 110 x 2 
matrix used above, obtained when excluding neutral or low 
AUCs which might be reflective of neutral thermal and 
olfactory responses, rather than pain and disgust. 
Furthermore, for each individual subject, and pain and 
disgust separately, facial response patterns were mean-
centered through z-transformation to ensure that the 
modeling would not be biased by differences in the 
average facial response across conditions. The 
classification was conducted with the same leave-one-
subject out cross-validation scheme already used for the 
regression analysis, including optimization of 
hyperparameters C & γ through grid-search. As measure 
of predictive proficiency, we calculated the overall 
percentage accuracy, which was considered significant if 
exceeding the 95th percentile of the distribution of 2000 
accuracies obtained by rerunning the same procedure on 
permuted datasets. In each permutation, we repeated the 
whole cross-validation procedure on a matrix in which 
the data of each individual subject (19 AUs x 2 states) was 
shuffled across the pain and disgust, so that data were 
randomly assigned to the condition labels. Both 
multivariate regression and classification analyses were 
carried out using the LIBSVM 3.18 software [47]. 

2.5.5 Comparison with human FACS scoring 

We compared the performance of CERT software with that 
of two certified FACS scorers in a subselection of our 
dataset. To achieve this, we created 21 short clips from the 
original video-streams characterized by facial reactions to 
pain (6 clips), disgust (6 clips) or neutral events (6 clips). 
Painful and disgusted clips were taken by thermal and 
olfactory stimulations of at least medium unpleasantness, 
whereas neutral clips were taken by any stimulation rated 
as neutral. Among the eligible videos, we excluded those 
whose facial reaction was completely non-expressive 
(stoic) [18]. The final set of 21 clips was randomly selected 
from the remaining non-stoic expressions. Two certified 
FACS scorers, evaluated these videos by selecting for each 
detected AU, the onset/offset time and the intensity (on an 
ordinal scale ranging from 1 to 5). For the purpose of this 
validation, scorers’ data were evaluated from AUs 1 to 28, 
plus eye closure (AU 43) and blink (AU 45). Across these 
AUs, the scorers were highly concordant both in terms of 
number of occurrences (Spearman’s ρ = 0.87, p < 0.001), and 
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in terms of weighted intensity (i.e., intensity scaled for the 
relative duration within each clip, ρ = 0.64, p < 0.001). 

As sanity check, we first run a frequency analysis to 
ascertain whether human scores of facial responses of pain 
and disgust were in line with that of the literature. 
Following the same methodology of previous studies [19], 
[25], we defined one AU as pain-related (or disgust-
related) if (a) it occurred for at least 5% of all videos of the 
same category and (b) it was more frequently detected than 
in the neutral clips (as assessed through non-parametric 
Wilcoxon Rank Sum Test). Effects size are expressed in 
terms of 𝑟 =  𝑍 √𝑁⁄  (where Z is the test statistic and N the 
sample size) [48]. The only exceptions were blinks (AU 45), 
which were assessed as instantaneous, and therefore could 
not be analyzed in terms of duration. However, as these 
were numerous in all videos (> 10 in each category and 
scorer), they were nonetheless included in the analysis. 

We then compared the human scores with CERT output 
from the same clip subselection. For each AU, and for each 
video, we took the intensity associated in each scored 
occurrence and compared it with the average CERT output 
within the same time-window (see Figure 2A, for a 
graphical representation). The remaining CERT data (i.e., 
those times in which no response was scored) were 
averaged together and associated with an intensity of 0. 
We then run a linear mixed model with the CERT intensity 
as dependent variable, the intensity of the AUs rated by 
FACS scorers as continuous predictor, and the identities of 
the scorer and the person in the video as random factor 
(with random intercept and slope for scored intensity). 
Consistently with the prior analytical steps, the linear 
mixed model was run on all those AUs which were 
detected by the human scores in least 5% of the duration of 
all videos of pain or disgust (plus blink, AU 45). 

3 RESULTS 

3.1 Univariate analysis 

As first step we assessed whether the likelihood of facial 
responses increased parametrically with the 
unpleasantness of pain and disgust. This analysis 
implicated the brow lowerer (AU 4) in both pain (b = 0.12 
[95% confidence intervals: 0.04, 0.19], t = 3.09, bootstrap-
based p = 0.007, f2 = 0.37) and disgust (b = 0.11 [0.03, 0.20], t 
= 2.53, boot-p = 0.012, f2 = 0.21). Furthermore, pain AUCs 
also significantly led to blinking (AU 45 – b = 0.06 [0.02, 
0.10], t = 2.92, boot-p = 0.002, f2 = 0.08), whereas disgust 
AUCs implicated the lid tightener (AU 7 – b = 0.10 [0.02, 
0.19], t = 2.39, boot-p = 0.017, f2 = 0.59; see Figure 1B). 
Finally, disgust was also significantly associated with the 
chin raiser (AU 17), although in this case the effect was of 
negative direction (b = -0.09 [-0.17, -0.01], t = -2.36, boot-p = 
0.017, f2 = 0.13), suggesting strongest response of this AU 
the more the odor was rated as neutral. For this reason, AU 
17 was excluded from all subsequent processing steps (see 
methods). No other AUs were significantly implicated. 

We also assessed for potential differences in AUs 
between pain and disgust. To minimize confounds 
associated with neutral thermal and olfactory stimulations 
(as in AU 17), we took into consideration the AUCs from 

the three highest unpleasantness levels. This analysis 
revealed enhanced response likelihood for disgust (vs. 
pain) at the level of the cheek raiser (AU 6 – b = 4.86 [0.19, 
9.54], t = 2.12, boot-p = 0.043, f2 = 2.87), the lip corner puller 
(AU 12 – b = 4.76 [1.37, 7.98], t = 2.78, p = 0.015, boot-p = 
0.012, f2 = 0.65), the dimpler (AU 14 – b = 4.61 [0.97, 8.75], t 
= 2.32, boot-p = 0.016, f2 = 0.96) and the lip pucker (AU 18 – 
b = 3.96 [0.19, 7.65], t = 2.08, boot-p = 0.039, f2 = 1.07). No 
other AU was significantly implicated. 

3.2 Multivariate Pattern Regressions 

We then employed multivariate pattern regression, and 
trained an SVM classifier to predict the unpleasantness 
associated with painful/disgusting stimulations from the 
combined information from all AUs. We found higher-
than-chance prediction for both pain (within-state 
prediction: Pain → Pain: MSE = 231.24 [permutation-based 
significance cutoff: 235.03]) and disgust (Disgust → 
Disgust: MSE = 238.92 [243.89]; see Figure 3A). Figure 3C 
depicts the relative contribution of all AUs to the 
prediction, and confirms the major role played by the brow 
lowerer (AU 4) in both states. Furthermore, important 
contribution to pain unpleasantness was provided by AUs 
such as the lip tightened (AU 23) and blink (AU 45). 
Instead, important contribution to disgust unpleasantness 
was provided by the upper lip raiser (AU 10), the lip corner 

 

Fig.2. (A) Comparison of the raw CERT output (cyan line) and a 
certified human scorer (purple line) for one AU in one video-clip. Left 
vertical axis describes the values for the CERT output, whereas the 
right vertical axis describes the intensity of the human score. (B) 
Matrix describing the degree to which the CERT output for each AU 
(horizontal axis) can be explainable in terms of AUs intensity from 
human scorers (vertical axis). Each cell in the matrix represents the 
effect size (Cohen’s f2) from a linear mixed model (see main text). 
Although f2 is an unsigned estimate of the effect size, positive and 
negative modulations are here color-coded through read and blue 
shading respectively. Grey cells refers to non-significant effects. 
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depressor (AU 15), and in lesser extent the brow lowerer 
(AU 4) and the jaw dropping (AU 26). We then tested 
whether these models exhibited reliable between-states 
prediction, that is if they could detect unpleasantness in a 
different state from that in which they were trained. This 
was only the case for model trained on pain data, that 
could detect unpleasantness also from disgust (Pain → 
Disgust: MSE = 237.02 [237.97]). Instead, a model trained 
on disgust data could not detect unpleasantness from pain 
data (Disgust → Pain: MSE = 261.41 [240.65]). It could be 
argued that our results might be idiosyncratic to the 
classifier adopted. Appendix B, reports the findings 
obtained by using instead Random Forest [49] classifier, 
and confirm that models of unpleasantness strongly 
relying on AU 4 show supra-ordinal predictive properties. 

3.3 Multivariate Pattern Classifier 

We then trained a machine-learning algorithm to 
discriminate between pain and disgust (in medium-to-
extreme levels of unpleasantness). This approach led to a 
reliable discrimination between the two states with 74.07% 
of accuracy [permutation-based cut-off: 62.96%] (see 
Figure 3B). Figure 3C displays the relative contribution of 
each AU to the classification. Overall, blink (AU 45) and lip 
sucker (AU 28) play the strongest role, followed by the 
brow raisers (AU 1 and 2), the lips parter (AU 25) and the 
lid tightener (AU 7). Interestingly, the brow lowerer (AU 
4), which was strongly predictive of both pain and disgust 
unpleasantness, here plays little role in the discrimination 
between the two states. 

 

Fig. 3. (A) The proficiency of a SVM regression at predicting the subjective unpleasantness from facial response. White circles refer to MSE 
associated with out-of-subject predictions, which are considered significant (“*”) if lower than the 5th percentile of permutation-based null 
distribution depicted with violin plots (see methods). Four regression analyses were run: Pain → Pain [P → P] and Disgust → Disgust [D → 
D] refer to within-state predictions, whereas Pain → Disgust [P → D] and Disgust → Pain [D → P] refer to between-states predictions. (B) The 
proficiency of a SVM classifier at discriminating between comparably unpleasant pain and disgust. The white circle refers to percentage 
accuracy, which exceeds the 95th percentile of permutation-based null distribution. The confusion matrix associated with the classification is 
also displayed: horizontal lines refer to pain and disgust facial response (Areas Under the Curve [AUCs]), whereas vertical lines refer to pain 
and disgust classifications. (C) Horizontal barplots describing individual contribution (importance) of each AU to SVM models of pain 
unpleasantness (left side), disgust unpleasantness (middle) and pain vs. disgust classification (right). Positive values refer to AUs playing an 
important role in the model, whereas negative values refer to AUs playing a negligible (or possibly detrimental) role. The relative importance 
of each AUs is also displayed on a computerized face (AUs with negative importance are not modeled).  
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3.4 Comparison with human FACS scoring 

A data subselection was analyzed by two certified human 
FACS scorers. Table 1 reports those AUs who were 
engaged in pain or disgust for at least 5% of the duration 
of video clips of the same category (plus the blink [AU 45]). 
Among these, the inner brow raiser (AU 1), the brow 
lowerer (AU 4), the orbit tightening (AUs 6-7), the lip 
pressor (AU 24) and the eye closure (AU 43) were more 
frequently implicated in pain than neutral videos. The lips 
parter (AU 25) was more frequently engaged in pain 
expression under a one-tailed significance, consistently 
with the known role of this facial response in pain (see [16], 
[17] as reviews). As for disgust, increased muscle 
responses in relation to neutral stimuli was observed at the 
level of the brow lowerer (AU 4), the lid tightener (AU 7), 
and the eye closure (AU 43). Furthermore, the lips stretcher 
(AU 20) was associated with disgust under one-tailed 
significance, consistently with previous implication of this 
facial response in the literature [24]. No effect was 
observed at the level of the levator contraction (AUs 9-10) 
despite being frequently observed in previous studies 
about pain (see [16], [17] as reviews) and disgust [24], [25], 
[31]. Interestingly, some studies analyzed facial responses 
by merging together visually-similar AUs (AUs 1-2, 6-7, 9-
10, 25-27) [12], [13], [18], [20], [25]. By running the analysis 
in this way, we confirmed the effects displayed in Table 1: 
the brow raiser (AUs 1-2) was implicated in pain but not 
disgust, the orbit tightening (AUs 6-7) was implicated in 
both pain and disgust, the levator contraction (AUs 9-10) 
was associated with neither pain nor disgust, and the 
mouth opener (AUs 25-27) was implicated only in pain 
under one-tailed significance. 

Subsequently, we systematically assessed how human 
FACS scores could explain the likelihood from the CERT 
software (see methods). In particular, we tested whether 
the CERT output could be explained by the human 
intensity scores (for the AUs listed in Table 1, see methods). 
Figure 2B reports the results from the analysis in matrix 
form, showing that, only in three AUs, the CERT estimate 
was predictable by its homologous human score. This was 
the case of the inner brow raiser (AU 1), the brow lowerer 
(AU 4) and the blink (AU 45). In all cases Cohen’s f2 ≥ 0.48, 
suggesting large effects. Interestingly, in some cases, the 
CERT output could be predicted by human scores of a 
different, but visually similar, AUs. For instance the CERT 
estimate of the blink (AU 45) was very well predicted by 
the human score of eye closure (AU 43), with an effect size 
that far exceeded that of the blink human score (f2 = 1.09 vs. 
0.48). Furthermore, the CERT estimate of the lip sucker 
(AU 28) was explainable by the human score of the lip 
presser (AU 24; f2 = 0.22), whereas the CERT estimate of the 
jaw drop (AU 26) was explainable by the human score of 
the mouth stretch (AU 27; f2 = 1.51). Despite these specific 
cases, we also found cross-AUs modulations between 
visually-dissimilar facial responses both of positive (e.g., 
orbit tightening, AUs 6-7 can be explained by human 
scores of the nose wrinkling AUs 9), and negative direction 
(e.g., the dimpler, AU 14, was negatively coupled with by 
human scores related to mouth opening, AUs 25-27). 

4 DISCUSSION 

4.1 Shared responses between pain and disgust 

We found compelling evidence of shared and differential 
facial responses to pain and disgust. In particular, our data 
underlines the key contribution of the brow lowerer (AU 
4) in the prediction of unpleasantness across qualitatively-
different states. First, univariate analysis revealed that 
computer-based estimates (from CERT software) of AU 4 
increased linearly with the subjective unpleasantness in 
both pain and disgust (Figure 1B). The same effect was 
observed also in a data subselection that was manually 
scored by human FACS experts (Table 1). Critically, 
computer-based and human scores of AU4 were strongly 
coupled (Figure 2B), thus pointing at a good compatibility 
between different techniques for facial analysis. Second, 
SVM regression algorithm relies strongly on the computer-
based estimate of AU 4 for predicting pain unpleasantness, 
with the consequence that the same model could predict 
unpleasantness also in disgust (Figure 3A-C). Instead, AU 
4 plays an important, and yet not dominant, role in the 
prediction of disgust unpleasantness, and no supraordinal 
effects are visible. Consistently, also when adopting a 
different classifier, we found supraordinal effects in those 
multivariate models of unpleasantness strongly grounded 
on AU 4 (Appendix B). Finally, classification between 
comparably-unpleasant pain and disgust facial responses, 
revealed marginal contribution of AU 4 (Figure 2C). 
Overall, our data point to a key role of the brow lowerer in 
reacting to supraordinal features of events (e.g., 
unpleasantness) with little influence in discriminating 
between their state-specific properties. 

These findings are consistent with a well-established 
line of research which implicated AU 4, not only in pain 
and disgust [25], but also in the experience of unpleasant 
visual [29] and auditory stimuli [50]. Furthermore, 
voluntary contraction of AU 4 was documented to lead to 

 

Table 1. Frequency analysis of human scored Action Units. For pain 
and disgust separately, Action Units engaged for at least 5% of all 
video-clips of the same duration are displayed. Frequency differences 
with respect to neutral videos were measured with Wilcoxon Rank 
Sum test, and expressed in terms of effect size r. Significant effects are 
displayed in bold and coded in terms of statistical strength. AU 45 
(which was coded as instantaneous) was not measured in terms of 
duration (full details in the text). 
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more pronounced sadness ratings of aversive images [51]. 
Given that pain and disgust stimuli were here controlled 
only for unpleasantness (but not for other dimensions), our 
findings are not necessarily against alternative accounts on 
the role of the brow lowerer, such as those suggesting its’ 
involvement in positive arousal [52], or in the appraisal of 
obstructiveness and coping potential [33]. However, these 
alternative interpretations would apply to our data only 
under the assumption that the unpleasantness ratings 
collected were indirect measures also of other dimensions. 
Previous studies already underscored how matching pain 
and disgust for unpleasantness does not necessarily 
provide comparable levels of arousal [34], [36]. Most 
importantly, one study employing facial analysis on pain 
responses found differential components associated with 
unpleasantness and intensity, with the brow lowerer 
associated prevalently with the former [53]. For these 
reasons we feel confident that in our study the cross-modal 
effects in the brow lowerer are indeed reflective of the 
unpleasantness of the experience. 

4.2 Distinct responses between pain and disgust 

Our data reveal also facial responses discriminative 
between pain and disgust. Despite some variability in the 
results based on the analysis employed, our data converge 
in suggesting that regions at the level of the eyes and 
mouth convey state-specific information. In particular, 
computer-based estimates of the blink (AU 45) seem to 
contain pain-discriminative information, as they increase 
parametrically with the unpleasantness of pain, but not 
disgust (Figure 1B), and exert a very important 
contribution in the discrimination between the two states 
in the multivariate analysis (Figure 3C). Furthermore, 
computer-based and human scores of AU 45 were strongly 
coupled, although it should be stressed that an even 
stronger effect size was observed between CERT estimate 
of AU 45 and human assessment of eye closure (AU 43). As 
CERT does not provide an estimate of AU 43 separate from 
AU 45, it is reasonable to assume that all eye closures (both 
of rapid and slow nature) are classified by the software as 
AU 45. In this view, our data fit a wealth of studies 
showing how eye closures are a relevant component pain 
expression, especially in clinical conditions [16], [17]. 

Among the other facial responses strongly 
discriminative between pain and disgust, we found the 
CERT estimates of brow raisers (AUs 1-2), mouth aperture 
(AU 25) and especially the lip sucker (AU 28). Several 
considerations allow us to assume that all these responses 
contain pain-discriminative information. Indeed, in 
keeping with a wealthy literature [16]–[18], also in our 
dataset human scores recognize AUs 1 and 25 as pain-
related (the latter under one-tailed significance, see Table 
1). Furthermore, in the case of AU 1, computer-based and 
human scores were strongly coupled (Figure 2B), 
suggesting that the CERT estimate fed to the multivariate 
model is a good proxy for the assessment of FACS experts. 
Unfortunately, no computer-human compatibility was 
observed for AU 25, and therefore caution should be 
advised in interpreting the CERT estimate of this facial 
response as equivalent to that of expert raters. As for the 

lip sucker (AU 28), the computer-estimate of this AU is 
predicted by the human score of the lip presser (AU 24; see 
Figure 2), which in turn was implicated in pain both in the 
present (Table 1) and previous studies [16], [19]. As both 
AU 24 & 28 involve the closure of the lips, it is possible that 
human and computer coders might differentiate in how 
they classify these kinds of movements. Hence, our results 
might be interpreted as reflective of a broad response of lip 
closure, rather than of a specific sucking movement. 

It is interesting to notice that some facial responses 
implicated in pain are of opposite nature, such as eye 
closure and brow raising, or mouth opener and lip presser. 
This is in line with studies suggesting that pain does not 
manifest itself through a unique identical facial response, 
but rather through different patterns of expressions, some 
incompatible with one another (some react narrowing the 
eyes and opening the mouth, others raising the eyebrows, 
etc. [18]). In this view, the occurrence of pain (relative to 
other painless unpleasant states) cannot be established 
uniquely from one AU response, but by taking into 
account the overall facial response in its’ complexity. 

Finally, our data implicate CERT estimates of orbit 
tightening (AUs 6-7), with AU 7 displaying a parametric 
increase in response to unpleasantness from olfactory 
stimulations (Figure 1B), and AU 6 showing enhanced 
response for disgust relative to pain. Furthermore, the 
sensitivity of these facial responses to disgust influenced 
also the multivariate analysis, as AU 7 was shown to exert 
an important contribution in discriminating between the 
two unpleasant states. Unfortunately, this effect did not 
generalize to human scores of AUs 6-7, which were 
involved in both pain and disgust (Table 1). Furthermore, 
CERT estimates of AUs 6-7 were not predicted by their 
homologous human scores, but rather by FACS experts’ 
estimates of the levator contraction (AUs 9-10; Figure 2B), 
thus opening the possibility that disgust preferential 
properties might be observed broadly on the higher-level 
of the face, rather than more specifically on the orbit. 

4.3 Limitations of the study 

In the present study, thermal and olfactory stimulations 
were rated only in terms of unpleasantness, but not in 
terms of pain and disgust. These stimulations were chosen 
based on previous testing which insured their ability to 
evoke pain and disgust respectively. In particular, we used 
the same device and stimulation settings of our previous 
research, where we showed that temperatures were 
experienced as painful when ≥ 49.4°C [39]. In our data, this 
temperature discriminates between neutral (average 
46.29°C [45.40, 47.51]) and low temperatures (48.52°C 
[47.69, 49.24]), from those of medium (49.91°C [49.20, 
50.60]), high (49.92°C [49.06, 50.54]) and extreme (50.16°C 
[49.27, 50.71]) unpleasantness. Likewise, earlier research 
on the emotional response underling olfaction suggested 
that ratings of unpleasantness are strongly explainable in 
terms of disgust [38]. Furthermore, odorants like isovaleric 
acid and sclarymol (used in the present study) were rated 
as extremely unpleasant and disgusting, whereas less 
pronounced responses were associated with other 
negative states (see Appendix A, [38]). This provides 
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indirect evidence that the manipulation employed is 
suitable for evoking pain and disgust. However, we cannot 
exclude that other affective reactions (fear, anger, surprise, 
etc.) might also have been evoked by the stimulations, and 
influence the facial response.  

Caution should be used in treating the output of 
computer-based tools for facial analyses as equivalent to 
the report of FACS experts. In Figure 2B we systematically 
compared the output from the automatic CERT algorithm, 
with the ratings of certified FACS scorers. Although 
specific AUs (inner brow raiser [AU 1], brow lowerer [AU 
4], and blink [AU 45]) were well aligned between the two 
measures, the majority of the CERT estimates were not 
explainable by their homologous human scores. In some 
cases, CERT estimates were explained by human scores of 
different, but visually-similar facial response (see AUs 
43/45, AUs 24/28 discussed above, but also AU 26/27 both 
underlying mouth opening), thus suggesting that human 
and computer assessment converge in detecting the same 
broad facial movement, but might diverge in classifying 
the specific muscle contraction. However, in many cases 
CERT estimates were explained by human scores of 
dissimilar facial responses (see AUs 7/9 discussed above, 
but also AUs 10/24, AUs 20/23, etc.). These cross-AU 
predictions could relate to the fact that computer and 
human scoring work on different principles, with the first 
labelling each visible displacement in the face, and the 
second focusing exclusively on the source muscle of that 
displacement, but not its’ cascade effect on other parts of 
the face [11]. For instance, if pulling aside the corner lips 
(AU 12) has the cascade effect of pushing up the upper lip 
(AU 10), a FACS scorer will report only the engagement of 
AU 12, whereas a computer-based algorithm might detect 
both AUs 10 and 12. These limitations do not undermine 
the fact that automatic algorithms for facial analysis can be 
used proficiently to discriminate between different 
unpleasant states (especially for prototypical expressions 
[54]). Hence, tools like CERT [40] extract meaningful 
information from people’s face, although this information 
does not appear to be equivalent of that of human scores. 
This is why the most proficient approaches for analyzing 
this kind of data involve the combination of different 
elements of facial response together, either though factor 
analysis [55] or multivariate classification [23] (and present 
study), as they allow to process meaningful information 
wherever that is, without relying on specific AU labels. 

5 CONCLUSION 

This study shows how machine-based diagnostic tools are 
able to extract pain-specific information from facial 
features, which is not confounded by supraordinal 
properties shared with other unpleasant experiences. 
Indeed, although a model for the prediction of pain 
unpleasantness can mistakenly detect disgust (especially if 
relying in great extent on AU 4), ad hoc tailored algorithms 
can disambiguate the specific nature of the experience. In 
this perspective, computer-based tools for the diagnosis of 
pain intensity/unpleasantness, should be supported by 
parallel models probing for state-specific information, to 
prevent false positives triggered by painless events. 
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Appendixes for the manuscript: 

State-specific and supraordinal components 
of facial response to pain 

APPENDIX A 

e report here the details of the stimuli used to trigger the 
state and subsequent facial expression of disgust in our 

participants. The odor delivered via olfactometer (see methods 
for details on the tool) were isovaleric acid and sclarymol, evok-
ing respectively dirty socks and sweat). These stimuli had been 
used in previous experiments testing the reaction evoked in an 
independent group of participants from the same nationality as 
those of our sample (Geneva, Switzerland). More in particular, 
Chrea and colleagues [1] asked their volunteers to sniff 56 dif-
ferent odors. After sensing each odor, participants read a list of 
38 French words to which extent they described the odor just 
perceived. From this experiment, we show the results of the two 
individual odorants that we used in the present study (Isova-
leric Acid, Sclarymol, at 1% concentration). Both these odorants 
evoked a negative experience mainly described as “un-
pleseant”, “disgusting”, “nauseous” and “dirty”.  
  

W 

Table A1: Subjective experience evoked by Isovaleric acid (first column) 
and Sclarymol (second column) across 38 affective terms. Each term was 
rated on on a scale ranging from 0 (worst describe the odor) to 200 (best 
describes the odor). Data from Chrea et al [1]. 
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APPENDIX B 

e repeated the multivariate pattern analysis conducted in the main text by employing a Random Forest classifier. 
At first we tested for within-state effects in both painful and disgusting stimulations. As for the main analysis 

employing SVM regression, we found higher-than-chance prediction of unpleasantness for both pain (Pain → Pain: MSE 
= 216.07 [232.73]) and disgust (Disgust → Disgust: MSE = 228.89 [237.42]). Figure A1 depicts the relative contribution of 
all AUs to the prediction. For pain, the most important contribution arose from the lip corner puller (AU 12), followed 
by the brow lowerer (AU 4), lip tightener (AU 23) and eye closure (AU 45). The prediction of disgust relied the most on 
the brow lowerer (AU 4), whose exclusion penalized the predictive ability of the model almost two times more than in 
the case of pain (see Figure A1). Furthermore, the prediction of disgust relied also in great extent on the upper lip raiser 
(AU 10). We then tested whether these models exhibited reliable between-state predictions. This was only the case for 
model trained on disgust data, that could detect unpleasantness also from pain (Disgust → Pain: MSE = 236.65 [237.37]). 
Instead, a model trained on pain data could not detect unpleasantness from disgust (Pain → Disgust: MSE = 243.33 
[237.25]). These cross-modal effects seem, at least at first sight, in contrast with those described in the main text when 
using SVM. However, under Random Forest modeling, it was the prediction of disgust who relied the most on AU 4 
(Figure A1), whereas for SVM this was the case for the prediction of pain. Thus, between-state effects seem associated 
with those models heavily grounded on the information from the brow lowerer. Finally, we trained the Random Forest 
classifier to discriminate between pain and disgust from the facial response (in medium, high and extreme levels of un-
pleasantness). This approach led t o no reliable effects (accuracy 58.88% [cut-off: 62.04%]). 

 
 

W 

 

Figure A1. (A) The proficiency of the RF regression algorithm to predict subjective unpleasantness based on the facial response. White circles 
refer to MSE associated with out-of-subject predictions, which are considered significant (“*”) if lower than the 5th percentile of permutation-
based null distribution depicted with violin plots (see methods). Four regression analyses were run: Pain → Pain [P → P] and Disgust → Disgust 
[D → D] refer to within-state predictions, whereas Pain → Disgust [P → D] and Disgust → Pain [D → P] refer to between-state predictions. (B) 
The proficiency of the RF classifier to discriminate between comparably unpleasant pain and disgust (unpleasantness levels moderate to 
extreme). The white circle refers to percentage accuracy, which exceeds the 95th percentile of permutation-based null distribution. The confu-
sion matrix associated with the classification is also displayed: horizontal lines refer to pain and disgust facial response (Areas Under the Curve 
[AUCs]), whereas vertical lines refer to pain and disgust classifications. (C) Horizontal barplots describing individual contribution (importance) 
of each AU to RF regressions of pain (left side) and disgust unpleasantness (right side). Positive values refer to AUs playing an important role 
in the model, whereas negative values refer to AUs playing a negligible (or possibly detrimental) role. The relative importance of each AUs is 
also displayed through a computer-based facial reconstruction.  


