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Abstract. Empathy is a central construct in social cognition and is defined as the ability to 
recognize and adequately react emotionally to an affective message transferred by a human 
counterpart by sharing their emotion (mirroring). In the therapy process, empathy plays an 
important role in building a strong connection between the participants.  In this paper, we 
describe a support system that provides visual representations of the emotional mirroring 
between two people based on the analysis and correlation of video and audio data and EMG 
sensor outputs. A set of metrics related to the emotion evolution of the two participants is 
proposed, and the identified correlations on a set of 10 dyads are presented. 
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1. Introduction 

Mirroring is the behavior in which one person subconsciously imitates the 
gesture, speech pattern, or attitude of another, as defined by Chartrand & 
Bargh (1999). 

Imitating and comprehending others’ activities is particularly helpful for 
young children’s learning skills, such as speech, movement, and play. Mirror 
neurons also appear to provide sufficient information to predict why someone 
is performing the behavior they are engaged in, and this is a powerful 
mechanism for emotional understanding (Rasmussen & Bliss, 2014; Cook et 
al., 2014). While observing emotional information, the mirror neuron system 
makes it possible to generate a brain state that matches that of the person 
being observed, providing an automatic share of their experience and 
supporting empathy (Penagos-Corzo et al., 2022).  

Empathy is a central construct in social cognition and is defined as the 
ability to recognize and adequately react emotionally to an affective message 
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transferred by a human counterpart by sharing, to a certain degree, their 
emotion (de Vignemont & Singer, 2006). Empathy plays a vital role in the 
counselling process, as it fosters a therapeutic environment where clients feel 
understood, supported, and validated. Empathy forms the foundation of a 
strong therapeutic alliance. When clients perceive that their counselor 
understands and empathizes with their experiences, they are more likely to 
establish trust and open their concerns (Bohart & Greenberg, 1997). A 
positive therapeutic relationship enables clients to feel supported and 
increases their willingness to collaborate on treatment goals. A positive 
therapeutic relationship characterized by empathy also contributes to 
improved treatment outcomes, client satisfaction, and adherence to therapy 
(Elliott et al., 2018).  

Assessing emotional mirroring includes methods such as observation, use 
of EMG for facial muscles (Scarpazza et al., 2018), SMT (Self-Mirroring 
Technique) (Vinai et al., 2015), use of IRM images, and the corresponding 
brain regions that are activated.  In this paper, we propose an interactive 
support system that automatically gathers information about two people’s 
emotions from their facial expressions, spoken text, EMG, and eye-tracking. 
We also introduce some metrics that could support the assessment of 
emotional mirroring in two people engaged in a video-recorded conversation. 

2. Related work 

In the literature, there are a few approaches that treat people’s interaction as 
a multi-stream dynamic process. Usually, the audio, visual, and text are used 
to assess the interaction quality. Most of the existing approaches integrate 
visual and audio information to achieve multimodal emotion recognition 
(Datcu& Rothkrantz, 2015; Kraus & Chen, 2013), while Tan et al. (2021) add 
the use of EEG signals to complement the audio and visual information. The 
present work uses the auditory, visual, and EMG information to perform 
multimodal emotion recognition and focuses also on eye contact between the 
two partners. To our knowledge, there is no similar approach in the literature. 

The evolution of Artificial Intelligence has advanced the progress in 
multimodal emotion recognition, with researchers developing models based 
on neural networks, graphs, and SVM to model the cross-modal emotions 
dynamics or to classify input signals from different sources (Joshi et al., 2022; 
Pandeya, 2021).  Other approaches have integrated Transformers in 
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multimodal emotion recognition (Lian et al., 2021; Siriwardhana et al., 2021). 
The most recent approaches use Multimodal Large Language Models 
(MLLMs) to assess empathy (Zhang et al., 2025).   These models need large 
datasets for training and validation, like IEMOCAP (Busso, 2008) or MOSEI 
(Zadeh et al., 2018). The intention of our preliminary study is to use free and 
offline existing models to assess their results for identifying emotion 
mirroring.  

3. Our application 

In the therapy process, it is important to build a relationship between the client 
and the therapist. Assessing the quality of communication between the two 
participants is important to decide the future of their collaboration.  
Information for the task of assessing the matching between the two actors can 
be extracted from various sources, like their mimic, their gestures, the 
information they exchange verbally (their dialogue), and the duration of eye 
contact. Affective states are associated with physiological responses across 
the body, so the use of facial electromyography (EMG) provides additional 
support in investigating the presence of these affective states.  Information on 
the affective states (emotions) of the participants and the EMG information 
could guide the process of automatically assessing the intention of future 
collaboration. 

Our supporting application uses two video recordings and EMG data from 
two facial muscles (the zygomatic and corrugator muscles) of the two 
participants. From the video, we extract information for eye contact detection, 
transcription of the dialogue, and emotions from facial expressions.  This 
information, together with EMG data, supports the evaluation of emotional 
mirroring. The following steps are performed by the developed application: 
obtaining the text of the conversation between the therapist and the client and 
analyzing it to identify emotions or sentiments in the speech, the 
usage/repeating of certain words, or the frequency of some words; 
automatically recognizing some of the most encountered emotions from the 
participants’ faces: happiness, sadness, anger, disgust, fear, surprise, and 
neutrality; tracking the eye movements of both client and therapist during the 
conversation and merging the obtained data and establishing the correlations 
between the two participants in the dialogue.  

To analyze the conversation text, the audio of the recording is used; to 
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automatically detect emotions, the images from the recording are used; and 
to monitor the eyes' movements, the images are used.  

To process the data from the recordings, a package of modules was 
developed, each module handling one source of information (video, sound, 
text). The information from all sources is combined to accurately establish 
correlations between data. That is why an additional module that integrates 
the results obtained from all the sources was also developed. The dedicated 
modules have integrated machine learning methods for data processing. The 
package contains the following modules (as shown in Figure 1):  

 A module for voice recognition and transformation of audio signals 
into textual information, such as the detection of interlocutors who 
spoke, the transformation of the audio signal into text, the automatic 
identification of text’s polarity (positive, negative, or neutral), and 
the computation of some statistics;  

 A module for the recognition of emotions in human interactions in 
images/video-audio with two people and the creation of a 
chronological unfolding corresponding to the evolution of the 
identified emotions;  

 A module for the detection and monitoring of eye movements (to 
detect eye contact), which allows the subsequent processing and 
analysis of the obtained information;  

 A module that allows for the integration of the results obtained in 
previous steps (modules) and the EMG data and their in-depth 
analysis, which also provides a chronological graphic 
representation. 

The results from each module are integrated into an Excel file used to 
further analyze the raw data obtained. Each module uses third party free 
offline libraries for its task. The selected libraries have been identified after a 
broad research process on existing solutions. Based on the results obtained 
during the testing phase, we have chosen the following offline and free 
models for each specific task: Whisper model for text transcription (Radford 
et al., 2023); Bert base uncased poems model for text polarity (Bert); Haar 
Cascade model for face recognition (Viola, 2001); Poster++ model for 
emotion recognition from face images (Mao et al., 2024); and OpenVino 
model for eye-tracking (OpenVino, 2024).  

Using the selected models, each module (text, emotion recognition from 
images, and eye-tracking) outputs the data in a human-readable format that is 
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further processed by the integration module into an Excel file.  
For voice recognition and sentiment analysis from written text the output 

contains the following data: the starting time of a spoken text (sentence, 
paragraph) in seconds,  the ending time of a spoken text (sentence, paragraph) 
in seconds,  the speaker of the sentence,  the spoken text, the polarity of the 
sentence (three possible labels: positive, negative, or neutral) and a 
confidence score for polarity classification (a value between 0 and 1, where 
1 means fully confident).  

 
Figure 1. The architecture of the system 

For emotion recognition from video, first, we extract the frames from the 
video, using OpenCV (OpenCV, n.d.). Afterwards, each frame is analyzed to 
detect the faces in it, using the Haar Cascade model. Then, on each detected 
face, the Poster++ emotion recognition model is applied to identify the 
emotions. For each analyzed frame, the output contains the seven emotions 
(surprise, fear, disgust, happiness, sadness, anger, and neutral), a probability 
for each emotion, the dominant emotion (the emotion with the highest 
probability), and a timestamp for the frame (in seconds).  

For eye-tracking, the OpenVINO model is used to determine the gaze 
vector of each person in the conversation recording, and then, for each frame 
from the video, using some heuristics, the modules determine if the two 
people are looking at each other or not. Also, there is always the possibility 
that the algorithm cannot determine where a person is looking. In such cases, 
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a particular value is used to signal this case. For each frame, the output 
contains a value indicating whether a person is looking at the other person, or 
not, or the special case, and a timestamp for the frame (in milliseconds).  

To correlate the output obtained from all modules, an Excel file is created, 
which contains the data from all three modules: a time axis (in milliseconds), 
the value of the EMG sensors (corrugator and zygomatic) for each person, 
the probabilities for considered emotion (happiness, sadness, anger, fear, 
disgust, surprise and neutral), the dominant emotion (decided by the emotion 
recognition model used), the text transcript and its polarity for each person, 
and the value for the eye-direction for each person  This file is then used for 
in depth analysis (graphics, Pearson correlation computation, and other 
heuristic predictors).   

The information gathered in the Excel file is used to predict the intention 
for further interaction. We propose a set of predictors that synthesizes the key 
elements in the interaction. The proposed predictors are grouped into four 
classes based on the source of the information: EMG based predictors (see 
Table 1) like the duration of smiles or frowns for one person in the interaction; 
emotion recognition-based predictors (Table 2) like the number of frames a 
participant had a dominant positive emotion; eye-tracking predictors  (Table 
3) related to how long do the participants make or do not make eye contact; 
and text based predictors (Table 4) like the time when one person speaks 
related to the duration of the conversation. 

Table 1 presents the list of EMG-based predictors for one person (P1) and 
their meaning. Each predictor has been computed for both participants in the 
interaction, meaning that the corresponding predictors have been computed 
for the other participant in the interaction (P2), too.  

Table 1 – Proposed EMG-based predictors for empathy assessment 

Predictor’s name Predictor’s description 
P1-EMG-(Smile|Frown)-length Computes how long the smiles/frowns were in 

comparison with the total length (time) of the 
smiles/frowns for person P1 

P1-EMG-(Smile|Frown)-frequency Computes how long the (smiles/frowns) were in 
comparison with the total length (time) of the smiles / 
frowns for person P1 

P1-EMG-(Smile|Frown)-number Computes the number of  smiles/frowns for person P1 

 
Due to space constraints, we have synthesized similar predictors by 

surrounding all possibilities of predictors. For example, P1-EMG-
(Smile|Frown)-length means that we have two predictors, P1-EMG-Smile-
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length and P1-EMG-Frown-length. 
Table 2 presents the list of facial emotion recognition-based predictors for 

one person (P1) and their meaning. Each predictor has been computed for 
both participants in the interaction, meaning that the corresponding predictors 
have been computed for the other participant in the interaction (P2), too. 

Table 2 – Proposed facial emotion recognition-based predictors for empathy assessment 

Predictor’s name Predictor’s description 
P1-Emo-(Poz | Neg | Neutral) Computes the ratio of frames where P1-Emo-

Poz| P1-Emo-Neg| P1-Emo-Neutral is the 
biggest, from all analyzed frames for person P1 

P1-Emo-Do-(Surprise | Anger | 
Fear| Happiness | Disgust | 
Sadness | Neutral) 

Computes the ratio of frames when person P1’s 
Emo-Surprise/ P1’s Emo-Anger/ P1’s Emo-
Fear/ P1’s Emo-Happiness/ P1’s Emo-Disgust/ 
P1’s Emo-Sadness/ P1’s Emo-Neutral was the 
dominant emotion from all analyzed frames for 
person P1  

P1-Emo-Do-Negative Computes the ratio of frames when person P1’s 
Emo-Negative was the dominant emotion from 
all analyzed frames for person P1. Emo-Neg is 
considered to be the sum of all four negative 
emotions when dominant: fear, disgust, sadness, 
and anger. 

P1-Emo-Do-Positive Computes the ratio of frames when person P1’s 
Emo-Positive was the dominant emotion from 
all analyzed frames for person P1. Emo-Positive 
is considered the happiness emotion when 
dominant. 

 
Table 3 presents the list of eye-contact-based predictors for one person (P1) 

and their meaning. Each predictor has been computed for both participants.  

Table 3 – Proposed eye-contact-based predictors for empathy assessment 

Predictor’s name Predictor’s description 
P1-Eye-(Yes|No) Computes the ratio between the number of frames when 

person P1 does/does not look towards P2 over the total number 
of frames when P1 looks/does not look towards P2 (the frames 
when P1’s eye could not be detected are not considered) 

Eye-Yes-Both Computes the ratio between the cardinality of the set of frames 
when P1 looks towards P2 and P2 looks towards P1, and the 
total number of analyzed frames. It measures how long the eye 
contact was between P1 and P2  

P1-Eye-Null Computes the ratio between the number of frames when P1’s 
eyes were not detected and the total number of analyzed 
frames. 
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Finally, Table 4 presents the list of text-based predictors for one person 
(P1) and their meaning. Each predictor has been computed for both 
participants.  

Table 4 – Proposed eye contact-based predictors for empathy assessment 

Predictor’s name Predictor’s description 
Tra-P1-Len Computes the ratio between the number of milliseconds that P1 speaks 

and the number of milliseconds of the entire discussion 
Tra-P1-Wrd Computes the number of times when P1 repeats P2’s relevant words 
Pol-P1-
(Positive|Negative| 
Neutral) 

Computes the ratio between the number of milliseconds P1 spoke, and 
the text polarity is positive/negative/neutral, and the total number of 
milliseconds when P1 spoke 

4. Application assessment 

To assess the suitability of our application, ten pairs of young people (girl and 
boys students at our university) have been invited in laboratory settings to 
have a video-recorded conversation on given general topics. Each 
conversation lasted about 10 minutes, and each pair of speakers was formed 
by a girl and a boy. The conversation was video recorded, and both 
participants had the EMG sensors mounted on their faces. Two identical 
cameras have been used to obtain video recordings of each participant’s face. 
At the end of the conversation session, two video files that we refer to as a 
dyad (one for each participant) and four EMG data files (one for the 
zygomatic muscle and one for the corrugator muscle of each participant) have 
been obtained and used for further analysis. 

 The collected data were analyzed by a team of psychologists using 
Spearman's 𝜌 correlation (Argyrous, 2011) to assess the strength and 
direction of the monotonic relationships between the ranked variables (in our 
case, the predictors’ values). This non-parametric method was chosen due to 
its robustness against outliers and its applicability to ordinal data, making it 
suitable for the variables under study. The analysis involved ranking the data 
points and calculating the Spearman correlation coefficient for each pair of 
variables. The resulting 𝜌 values ranged from -1 to +1, with values closer to 
+1 indicating a strong positive association, values closer to 1 indicating a 
strong negative association, and values around 0 suggesting no significant 
association. This approach allowed for a comprehensive evaluation of the 
relationships between variables without the need for assumptions of 
normality and linearity, providing a more accurate representation of the 
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underlying data patterns.  

EMG-measured smiles and frowns 

There was a large negative correlation between EMG-measured smile and 
frown frequency, confirming the reliability of this measure in discriminating 
between the expression of positive and negative emotions. In which between-
participant correlations are concerned, P1 positive-speech was positively 
related to P2 smile frequency (r = .76, r = -.68, p < .051) and negatively related 
to P2 frown frequency (r = -.76). As for within-participant results, P1 frown 
number was negatively correlated with P1 positive speech (r = -.57, p < .05). 
Thus, as also found in previous studies, facial EMG can provide useful 
indices of emotional experiences (Hess et al., 2007; Tassinary and Cacioppo, 
2019; van Boxtel, 2010; Kraus and Chen, 2013).  

Facial expressions of emotions (video-based) 

Like EMG-measured positive emotions, facial expressions of positive 
emotions in P2 were positively related to positive speech in P1 (r = .71; p < 
.05 ) and were negatively related to negative speech in P2 (r = -.58; p < .05). 
Some authors suggest that such relations may partly be due to the contagious 
nature of positive affect, which can induce a similar emotional state in others, 
thereby broadening their thought-action repertoires and enhancing their use 
of inclusive, creative, and empathetic communication (Fredrickson, 2001). 

Additionally, conversations initiated with high emotional positivity often 
led to increased use of words related to social processes, such as "friends" 
and "family," and positive emotion words like "happy" and "love" by the 
other participant (Pennebaker, Mehl, & Niederhoffer, 2003). Additionally, 
P1's facial expressions of positive emotions were significantly linked to P1 
repeating words used by P2 (r = .65; p < .05), also shown in (Giles et al., 
1991).  

Speech content and conversation-related variables 

In addition to the findings described above, the number of P2’s words 
repeated by P1 was positively related to P2's positive speech (r =.63; p < .05). 

 
 
1 r - correlation coefficient, the p-value  – probability value is a measure that helps determine the 

significance of the results obtained from a hypothesis test 
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Eye contact 

Eye contact is a fundamental component of nonverbal communication and 
social interaction, and gaze plays an important role in initiating and regulating 
social interactions (Hessels, 2020). In this study, two significant relations 
were found in terms of eye contact: P1’s eye-contact was positively 
associated with mutual visual contact (r = .70; p < .05), and negatively related 
to P2 negative speech (r = .-61; p < .05). Previous research shows that when 
individuals engage in eye contact, it often leads to synchronized gaze 
behavior and enhanced communication (Koyke et al, 2016; Wohltjen & 
Wheatley, 2021).  In which the relation to speech, a widespread belief in 
many cultures is that direct eye contact reflects honest speech, and that people 
avert their gaze when they are not being honest or in cases of negative and 
uncomfortable verbal interactions (Williams et al., 2009). 

Interpersonal synchrony 

Based on recent data regarding the role of interpersonal synchrony in 
influencing the quality of interpersonal interactions (Davis et al., 2018), we 
were also interested if correlations between P1’s and P2’s facial expressions 
of positive and negative emotions, and EMG-measured frowns and smiles 
were related to self-rated pleasantness of the interaction and with the wish for 
future interaction. 

The correlation in smiles was positively associated with P2 positive speech 
(r =.66; p < .05). These results align with data showing that positive emotional 
expressions are often interpreted as indicators of friendliness, warmth, and 
approachability (Finkel & Eastwick, 2015). When individuals perceive these 
cues from their interaction partner, they are more likely to develop positive 
attitudes towards them (Finkel & Eastwick, 2015). This increased liking 
further motivates individuals to seek out additional interactions, as they 
anticipate enjoyable and rewarding experiences (Hatfield et al., 1993). 
Moreover, when individuals share positive emotional expressions, they are 
more likely to experience increased rapport and connection (Gonzaga et al., 
2001). This phenomenon can be attributed to the intrinsic human tendency to 
respond to positive emotional cues with corresponding positive emotions 
(Hess & Fischer, 2013). The support system also provides the functionality 
of graphically representing the correlation of the proposed predictors for two 
people, to visually assess their emotional mirroring. Figure 2 and Figure 3 
describe a graphical representation of two different situations: in Figure 2 we 



A Step towards Automated Support in Assessing Emotional Mirroring      107 

 

have a high emotional mirroring between two persons regarding the 
happiness emotion, and in Figure 3 is depicted where the emotional mirroring 
is low. 

Figure 2. Emotional mirroring view for happy emotion  

 
 

Figure 3. Emotional mirroring view for happy emotion 

Limitations 

Limitations have been identified at the data gathering step, including 
technical constraints determined by the AI models that have been used, and 
at the analysis step, as will be further detailed. 

We have also identified problems with the used models that need to be 
further addressed by the AI algorithms, and we present them in the following. 

 The voice recognition and speaker diarization models do not 
perform well if two people are speaking simultaneously. Only one 
speaker is recognized, and the transcript will contain the text from 
both speakers.  

 The voice recognition may generate errors if both social actors are 
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male/female. It is recommended to use a male interacting with and 
a female for better accuracy.  

 The transcript model does not perform well when two words spell 
differently, but they sound the same (i.e., ate-eight, buy-by, for-
four, here-hear, right-write). This may influence the results of 
sentiment analysis from the text.  

 The chosen transcript and speaker diarization models sometimes 
give as result a text repeated many times (ex. I may not. I may not. 
I may not).  

 The face detection model can detect two faces in the same frame, 
and the emotion recognition model will analyze them, but this may 
affect the results of the data correlation.  

 The selected emotion recognition models cannot be calibrated, 
based on a person’s face. For example, a detected face had the 
model predict a dominant sadness emotion, but the human experts 
considered it to be a neutral one for that specific example. 

 For eye-tracking and eye-contact calibration methods must be 
carefully performed to obtain relevant results. 

Another limitation of the current study is the reduced sample size, which 
limits the possibility of generalizing results. Despite this limitation, we 
believe the current research has focused on an important question, which was 
approached using an original combination of methods (i.e., behavioral, 
physiological, AI-based) that, to our knowledge, has not been attempted 
before in the literature. 

5. Conclusions and further work 

In this paper, we have presented our approach in developing an application 
to support automatic emotional mirroring assessment using different input 
sources. We integrate data from sources such as EMG, video, and audio 
recordings to automatically detect emotions from sensors, facial expressions, 
and dialogue (the transcript of the conversation), to identify facial and verbal 
mirroring and eye contact. We have also proposed a set of predictors to assess 
emotional mirroring that can be automatically computed based on the 
collected data. In the future we intend to refine our approach by testing new 
AI models with improved performance and to include new emotions 
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recognition sources, such as voice or body posture. 
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