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Abstract—In recent years, the importance of facial
expression patterns has been recognized, e.g. in information
society, neuroscience. In the present paper, forced facial
expression patterns were studied by the means of the
FaceReader 8.1 system. Human subjects were asked to mimic
FEEST-related static facial expressions over 4 seconds each, and
their expression was registered and analyzed. The temporal
dynamics of a positive and negative valence expression,
happiness and anger was analyzed, altogether with arousal data.
General linear model was used to establish statistical differences.
A significant interaction occurred between the content of input
emotion (happiness/anger) and the temporal patterns (expressed
anger, happiness, valence). The interaction was not significant in
the case of the measured arousal. Our data indicate the
importance of studying forced facial expression patterns in the
interpretation of complex emotional stimuli.

Keywords — emotions, facial expressions, recognition system,
stimulus intensity.

I. INTRODUCTION

There is a growing interest for facial affect recognition
systems in the field of computer sciences, market research,
education and basic psychology/psychiatry research [1-6].
Advances in the facial affect recognition in recent years led to
the development of facial affect recognition systems, among
them the Noldus FaceReader [7]. Several types of affect
recognition systems were introduced, and the long-term-goal
of these systems is to help individuals with problems in social
recognition [3,6]. Recognizing facial affect is a major
component of social interactions, and mirrors several elements
of the social recognition procedure. It is clear that facial affect
recognition is accompanied by studying expression patterns.
Thus, not only the expression to be recognized is getting
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important, but studying natural or posing expression or social
re-expression patterns are also getting more prominent [4, 5].
Originally, six basic universal emotions (anger, disgust, fear,
happiness, sadness, surprise) were described as pan-cultural
elements of facial affect [8]. In principle, the perception and
interpretation of facial affect in humans is a time-dependent
multilayer mechanism for each emotion [9].

Additional to its importance in the interpretation of human
communicative signals, facial affect recognition systems
might be considered as “social prosthetics” in vulnerable
individuals [3]. Major psychiatric conditions affecting
emotion recognition is autism spectrum disorder and antisocial
personality disorder [10-15]. In these cases, long-term
misinterpretation of social signals might result a more
pronounced social dysfunction, but other psychiatric
disorders, e.g. attention deficit hyperactivity disorder
(ADHD), major depression are accompanied by social
dysfunction [16]. Unfortunately, these studies did not target
forced facial expression patterns, but studying these patterns
might help to understand discrepancies in the circle of social
functioning and therapeutic interventions [17-18].

Albeit FaceReader is validated for the recognition of the
basic Ekman-like expressions, to our best knowledge, forced
facial expression patterns were out of the scope of these
studies [19-20].

The aim of the present study was to describe the detailed
response profile of individuals by the means of the FaceReader
system during forced facial expression patterns mimicking
validated inputs of anger and happiness in a well-known
stimulus database, the Facial Expression of Emotion: Stimuli
and Test (FEEST). These data were used as technical
preparations for studying prescholers and their parents with
certain psychopathologies both in terms of recognizing and
expressing emotions.
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1. METHODS

The FEEST Emotion subtest is based on the six universal
emotions described by Ekman and colleagues [8,21]. From the
Ekman database, only faces expressing happiness and anger
were used, altogether 11 faces (5 males, 6 females) with both
emotions (22 stimuli). These faces were randomized, and a
video input was created with 4 seconds of a particular stimulus
face visible following 4 seconds of a blank screen. Three
adults were asked to mimic the visual inputs as long as they
see that on the screen. The study creates preliminary data for
testing the usage of the forced expression test and to optimize
data collection for applying to children and their parents in
social context. The Noldus FaceReader system was originally
developed for marketing applications [7], at present version
8.1 was used. Representative stimuli (anger and happiness)
along with the surface of the FaceReader were presented in
Figure 1 and 2. The FaceReader was used to analyze the
videorecordings of the faces of the individuals during the
forced expression test. General model was used with
smoothening classification. 30 frames per seconds were
analyzed, and data collection was performed ten times per
seconds. Only four emotion related data types were collected
(angry, happy, valence, arousal), 5280 data points for each
emotions were used for the statistical analysis.

] Cloar e

Figure 1. Representative stimulus face with the expressicn of anger. Participants were asked to mimic the expression as
leng as it was visible on the screen. Stimmlus faces were on for 4 seconds, and a 4 second blank screen mterval was present.
FaceReader 8.1 screenshot.

Figure 2. Representative stimulus face with the expression of happiness. Participants were asked to mimic the expression
as long as it was visible on the screen. Stimulus faces were on for 4 seconds, and a 4 second blank screen interval was
present. FaceReader .1 screenshot
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SPSS 20.0 was used to test the overall effect of the gender
of the stimulus faces (male vs. female), stimulus type (anger
vs. happiness) and the timing of the stimulus (during vs. over)
(General Linear Model, GLM). Statistica 7.0 program was
used to evaluate the timeline (per second, 4 seconds with
stimulus on, 4 seconds with stimulus off) according to the
stimulus type (GLM). Newman-Keuls post hoc comparisons
were also run where appropriate. p<0.05 was considered as
significant difference.

1II. RESULTS

In the detailed analysis, data loss was 2.8%. Gender and
emotion interaction was present in the case of happy
(F(2,5130=68.857, p<0.001), angry (F2,5130=18.541, p<0.001),

valence  (F25130=49.843, p<0.001) and  arousal
(F25130=38.526, p<0.001) (Fig. 3).
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Figure 3. The overall effact of the gender and the emotion content of the stimmlus
faces during the study. X axis represent emotion content of the individnals with
forced expressions. Y axis, arbitrary unit of the emotion content. Means and SE
(standard error of the mean) are presented.

State (during input stimulus vs. over input stimulus) and
emotion interaction was present in the case of happy
(F(2,5130)=773.366, p<0.001), angry (F(2,5130)=320.795,
p<0.001), valence (F(2,5130~=1161.416, p<0.001), but not in the
case of arousal (F5130=2.271, p=0.12) (Fig. 4).

The 3-way interaction (gender, state and emotion) was also
significant in the case of happy (F(1,5126=3.866, p<0.05), angry
(F(1,5126=8.856, p<0.003), valence (F(i5126=4.227, p<0.04),
but not in the case of arousal (F(1,5126=3.202, p=0.74) (Fig. 5).
Time and emotion interaction (but not gender interaction) was
present in the case of happy (F(7,126=14.294, p<0.001), angry
(F(7,126):6.103, p<0.001), valence (F(7,12(,):24.752, p<0.001),
but not in the case of arousal (F(7,126=0.560, p=0.44) (Fig. 6-
9).
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Figure 4. Summarized effect of the forced expression patterns by the two applied stimulus
types (anger and happines). Duning, average of the 4 seconds when the stimulus emotion
was on; over, average of the 4 seconds when the stimmlus emotion was off. Detailed
statistics is described in the text.
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Figure 5. Summarized effect of the forced expression pattems by gender, the two applied
stimulus types (anger and happmes) and state. During, average of the 4 seconds when the
stimmlus emotion was on; over, average of the 4 seconds when the stimmlus emotion was
off. Detailed statistics is described in the text.

IvV. DISCUSSION

The main results of the present study were the following.
First, unlike naturally expressed emotions or microemotions,
long-lasting forced expressons have rebound effects, e.g.
expressing anger accompanied by increased happy feelings
afterwards. Second, a major gender, state and input stimulus
interaction was observed in the case of happy, angry, and
valence data. Third, arousal data were continously high during
the experimental setting, irrespective of the nature or the
presence of the stimuli.

Emotion recognition systems are regularly more sensitive
to happiness than to other emotions, like anger [22-24]. Busso
et al reported higher sensitivity to happiness compared to
anger recognition [23], irrespective of the methodology used.
In a study where FaceReader was tested in relation with EMG
activity, the highest correlation was achieved between the
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activity of musculus zygomaticus activity and happiness
labeling (r=0.72), while smaller but still significant effect was
achieved in the case of musculus corrigator activity and anger
expression (r=0.55) [25]. Overall, there are general differences
in the sensitivity of recognizing distinct emotions in humans.

TIME*Emotion; LS Means
Current effect F(7, 126)=14.284, p=,00000
Effeciive hypothesis decomposition
Vertical bars denote 0,95 confidence infervals
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Figure 6. X axis represents emotion content (happy) of the individuals with forced expressions, timeline is
presented, the 01-04 values (4 seconds) represent the stimulus (anger or happiness) on, while the 05-08
values represent the stimulus off (4 seconds). ¥ axis, arbitrary unit of the emotion content (happy). Mzans
and 95% confidence intervals are presented
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Effective hypothesis decomposition
Vertical bars denote 0,95 confidence intervals
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Figure 7. X axis represents emotion content (angry) of the individuals with forced expressions, timeline is
presented, the 01-04 values (4 seconds) represent the stimmlus (anger or happiness) on, while the 05-08
values represent the stimmlus off (4 seconds). Y axis, arbitrary unit of the emotion content (angry). Means
and 93% confidence intervals are presented.

Facial affect recognition might have major importance in
the pathogenesis in certain psychiatric disorders [10-16].
Alterations described in the working of the amygdalo-
prefrontal systems were described both in animal models [26-
27] and in human studies [28-30]. Direct therapeutic processes
targeting facial affect recognition are widely and beneficially
used [11,12,15], albeit it is still questionable whether these
processes might be able to modify core symptoms of the
pathological conditions.

Philip et al reported subtle differences in response to facial
expressions of real vs. virtual faces [31]. Facial
electromyography revealed that rapid facial reactions were
significantly stronger in the case of joy and anger when
participants were presented with real faces compared with
virtual ones. Interestingly, this effect was not present in the
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case of sadness. As happiness and anger might have a major
role in evolutionary processes (the ’angry male’ and “happy
female’ hypothesis), it is always important to study the effect
of individual expressed emotion instead using emotion
recognition or expression in general [32].

TIME*Emotion; LS Means
Current effect F(7, 126)=24,752, p=0,0000
Effective hypothesis decomposition
Vertical bars denote 0,95 confidence intervals
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Figure 8. X axis represents emotion content (valence) of the individuals with forced expressions, timeline
is presented, the 01-04 values (4 seconds) represent the stimulus (anger or happiness) on, while the 03-08
values represent the stinmilus off (4 seconds). Y axis, arbitrary unit of the emotion content (valence). Means
and 95% confidence intervals are presented.

TIME*Emotion; LS Means
Current effect F(7, 126)= 99468, p=43828
Effeciive hypothesis decomposition
Verfical bars denote 0,25 confidence intervals
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Figure 9. X axis represents emotion content (arousal) of the individuals with forced expressions, timeline
is presented, the 01-04 values (4 seconds) represent the stimulus (anger or happiness) on, while the 05-08
values represent the stimulus off (4 seconds). Y axis, arbitrary unit of the emotion content (arousal). Means
and SE (standard error of the mean) are presented.

Our results indicate that not only the type of the emotion,
but the gender of the expresser and the timing of the stimuli
might be crucial in the interpretation and in the re-expression.
As we noted earlier, responding appropriately to the facial
expression of others is a major factor in proper social
functioning. It is widely acknowledged that understanding
facial emotion expressions is critical, but unintentional and
intentional self-re-expressions might cause trobles in social
communication [33]. First, certain individuals need social
prosthetics to help their interpretations, and the future of
emotion reconition systems is to help these individuals [3,4,6].
Second, the recognition of emotions is not enough, but a
proper re-expression is inevitable. Moreover, mimicking the
expression during the recognition process might help the
individuals in gaining better results in recognition [34,35].
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Thus, these two sides can not be easily distinguished, what is
clear, that people with autism spectrum disorder have multiple
diffculties in this respect [11,36]. Posed vs. genuine
expression can be used to help individulas with social
difficulties [review: 37], but it is also unclear whether
neurotypical subjects are able to distinguish properly the
expression of individuals with autism spectrum disorder [38].
Thus, planning experiments all these things have to be taken
into account. Our data on arousal indicate that between
stimulus intervals were emotionally intensive for the subjects,
and probably the effect has major importance when subject
with behavioural problems would be tested. Our results also
indicate to take the interstimulus intervals seriously, robust,
overall analysis patterns for the whole timing of the studies
would be inappropriate, but detailed framing is recommended.

The limitations of our study that only anger and happiness
were used as stimulus emotions, and instead of dynamic, but
long lasting emotions (e.g. slow emotions with reduced
speed), a long static input was delivered to the subjects. The
only advantage of static inputs were the clear cut latency data
throughout the procedure. Using these inputs the effect of
valence and arousal data could be interpreted, as these
emotions are accompanied by high (opposite) valence and
high arousal levels.

In a further step, we would like to assess the facial
expression profile both in preschool children and their parents,
also in natural settings and also during forced expression test.
Understanding and controlling expression patterns might
facilitate or disrupt dual communication signals. Later, we
would like to discuss with couples their facial expression
patterns to the emotions expressed by their children, and also
in settings when their child is getting involved in a situation
what might be emotionally intense to their parents. The
process might have crucial importance in parent training that
is considered as number one intervention for preschool
children with ADHD or conduct disorder, but literature data is
also indicating the usage of the procedure in children with
autism spectrum disorder or attachment problems. An
independent effect of perioral or eye region is also suggested,
and an intervention study using action units (identical actions
of independent facial muscles) is planned.
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