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Automatic analysis of facial expressions in an advertising
test with Chinese respondents

Anja Dieckmann∗† Matthias Unfried† Jens Garbas‡

Marcello Mortillaro§

Abstract— An automatic system designed to infer valence (positive or negative feeling)
from facial expressions, EMO Scan, was employed and evaluated in an advertising test
in China. Its validity has already been demonstrated with Western participants (Gar-
bas et al., 2013), and the purpose of the present study was to examine to what extent
it generalizes to Asian participants. In a computer-based interview in a studio setting,
participants’ faces were recorded while watching TV commercials as well as positive and
negative affective pictures. Recordings were analyzed with EMO Scan to infer emotional
valence from facial expressions. Inferred valence proved to be a valid predictor of pic-
ture valence. Regarding the TV commercials we found that results from facial expression
analysis yield results that are similar to explicit ratings. This holds for both time se-
ries analysis and overall, time-aggregated results. The conclusion is that EMO Scan is
a reliable tool to assess the valence of responses to emotional stimuli also in Chinese
respondents.

Keywords— Emotion Capturing; Facial Coding; Affective Computing; Ad Testing;
Intercultural Studies; China

1 Introduction

1.1 Automatic analysis of facial expres-
sions

Inferring emotions from facial expressions is not only
deeply rooted in human nature (and that of other mam-
mals) but also a topic for scientific exploration since the
times of Darwin (1872). With the development of the
Facial Action Coding System FACS in the 1970ies (Ek-
man and Friesen, 1978), a tool for the systematic an-
notation of the fundamental actions of facial muscles—
the so-called Action Units (AU)—has become available.
Since then, facial expressions have been used as an impor-
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tant data source not only in fundamental psychological
science, but also in many applied research fields, for in-
stance, for pain detection in medicine (e.g., Prkachin,
2009), to monitor client-therapist interaction in psy-
chotherapy (e.g., Rasting et al., 2005), for lie detection in
forensic or security contexts (e.g., ten Brinke and Porter,
2012, using a simplified coding system), or for ad test-
ing in marketing (e.g., Debraix, 1995). However, manual
FACS coding is very laborious (ratio of coding time to
real time can often be 100:1; Prkachin, 2009, p. 182), lim-
iting application in commercial settings to relatively few
studies, few cases and short observation periods. More
recently, however, with the help of powerful machine
learning algorithms, huge progress was made in the de-
tection of facial expressions through intelligent software.
Automatic analysis of facial expressions became, and still
is, a very active research area in the signal processing
and affective computing community (see Martinez and
Valstar, 2016; Pantic and Rothkrantz, 2003; Zeng et al.,
2009). Numerous systems for the assessment of emotions
from facial expressions have been developed to either rec-
ognize discrete basic emotions such as “anger” or “hap-
piness” directly or to infer Action Units, which are sub-
sequently used to infer affective states or basic emotions.
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With the advent of such automatic systems for facial ex-
pression analysis, the interest from practitioners was re-
vived. Market research and in particular the domain of
advertisement pretesting, where objective assessment of
emotions is of particular interest, is a promising domain
for application, and several companies have started using
such systems (e.g., GfK, 2013; Ipsos, 2014; WPP, 2012).
Because of the economic importance of Asia, there is de-
mand for software that can be reliably used in these coun-
tries. However, most systems are predominantly trained
on the basis of Western/Caucasian faces, so it remains
unclear to what extent automatic emotion detection can
be generalized to Asian respondents.

1.2 GfK EMO Scan
In a typical market research interview, emotional expres-
sions are usually very subtle. EMO Scan was developed
to classify such subtle expressions along one core dimen-
sion of emotional experience, that is, valence (Fontaine
et al., 2007). Valence refers to the overall affective evalua-
tion (Shuman et al., 2013) or hedonic experience (Russell,
2003) of a feeling—more simply put, its pleasantness—
and has been widely studied in psychology, mostly using
self-reports. However, self-reports are usually given post-
hoc when subtle and fleeting emotional experiences may
have been forgotten; when self-reports are given concur-
rent to other activities, like watching an ad, they may
impact emotions and thus bias results (cf., e.g., Ariely,
1998). Thus, real-time acquisition of valence over time
is almost impossible with self-report methods, especially
when changes happen very rapidly, so automated con-
tinuous facial expression analysis for valence detection is
highly desirable.
EMO Scan is a computer-vision system that has been

developed for automated assessment of emotional va-
lence from facial expressions (Garbas et al., 2013). Its
core algorithms are based on the SHORE (Sophisticated
High-speed Object Recognition Engine) computer vi-
sion library developed by Fraunhofer IIS (Ruf et al.,
2011). SHORE makes use of machine learning with
Real-AdaBoost (Schapire and Singer, 1999) for generat-
ing face classification models from an extended Census
feature space. Census features encode brightness varia-
tions in a local 3x3 pixel neighborhood; being invariant
to illumination changes they lead to very robust clas-
sifiers for practical applications. SHORE, in addition,
uses extended Census features for representing larger im-
age structures (Küblbeck and Ernst, 2006). The efficient
software implementation allows for real-time detection
and analysis of many faces even on mobile platforms.
SHORE has been extended and retrained for valence
analysis within EMO Scan. A new face database contain-
ing happy, angry, disgusted, sad, frightened, surprised,
and neutral labels has been created mostly from TV talk
show footage exhibiting spontaneous reactions. The la-
bels were mapped to positive and negative valence classes
according to the “Circumplex Model of Affect” (Russell,
1980). The data has been further enhanced with faces ex-
hibiting the most relevant FACS Action Units for positive

(AU12) and negative (AU4) valence from other data sets.
In sum, more than 13,000 images were used for training
two classifiers: one for positive and one for negative va-
lence. For obtaining a continuous valence score, both
classifier outputs are fused. This is done by subtract-
ing the score of the negative valence classifier from the
score of the positive valence classifier. Further, subject-
dependent bias is removed by subtracting a mean value
generated during a short calibration period during which
participants are, for instance, exposed to a black screen
(for more details, see Garbas et al., 2013).
EMO Scan is designed to work robustly under real-

istic market-research conditions, such as different kinds
of consumer equipment and diverse lighting conditions
(Unfried and Iwanczok, 2016). The main use case is ad
pretesting. The system captures the emotional response
discernible from the respondent’s face while she watches
a TV commercial.
In a validation study with a German sample, average

valence scores inferred from faces recorded during expo-
sure to a subset of pictures from the International Affec-
tive Picture System (IAPS; Lang et al., 2008) predicted
picture valence with accuracy between 78 and 100%
depending on threshold (Garbas et al., 2013). Subse-
quently, EMO Scan has been made available to commer-
cial application by GfK SE. However, its cross-cultural
applicability remained an open question. The present
study will therefore examine to what extent EMO Scan
is able to identify valence in facial expression in a non-
Western culture, namely China.

1.3 Emotion and culture
Most scientists agree that basic emotions are universally
recognized (as shown, e.g., in a meta-analysis by Elfen-
bein and Ambady, 2002). Also, the capacity to experi-
ence core affect is considered universal (Mesquita, 2003;
Russell, 1991). However, scientists also agree that cul-
ture affects emotion expression, for instance by defining
which expressions are socially acceptable. Especially cul-
tural differences between Asian collectivistic and West-
ern individualistic societies have been the focus of many
investigations (e.g., Masuda et al., 2008). Focusing on
East Asian countries, already early studies in the 1970ies
suggest that culture-specific display rules may lead to
“masked” expressions (Ekman and Oster, 1979). For in-
stance, Japanese respondents showed lower level of ex-
pression of negative emotions like anger, disgust, fear
and sadness (Ekman, 1972; Biehl et al., 1997). Japanese
respondents also perform worse than Westerners at iden-
tifying these emotions (Biehl et al., 1997). It was argued
that the expression of these emotions is socially unde-
sirable in Japan. More recently, it was suggested that
lower levels of expression in Japanese respondents even
hold for positive emotions (Safdar et al., 2009).
Turning to China, a study using pictures to evoke

emotions found that 3-year-old mainland Chinese girls
showed fewer smiles and disgust expressions than
European-American girls (Camras et al., 2006). Chi-
nese girls adopted by European-American families also
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differed from Mainland Chinese girls, further supporting
the role of culture in emotion expression.
Overall, people in China report lower frequency and

intensity scores of positive and negative affect compared
to US and Australia (Eid and Diener, 2001). The authors
explain this result with cultural differences. Anthropo-
logical research suggests that emotions may be consid-
ered less relevant in Chinese compared to US American
culture (Potter, 1988): While acknowledging emotions as
aspects of individual experience, they are not considered
a legitimate rationale for actions nor seen as significant
basis for social relationships (p. 185). Moreover, in tra-
ditional Chinese medicine, excessive emotions are consid-
ered as causes for illnesses (Zhang et al., 2015), and their
inhibition is believed to be beneficial (Lin, 1983).
Of course, masking or suppressing facial expressions

can represent a major problem for automatic analysis of
facial expressions. However, eye region expressions are
harder to control than mouth (cf., Yuki et al., 2007).
Thus, the eye region may provide more reliable and sen-
sitive signals when expression is controlled. Along these
lines, Jack et al. (2009) found in a study of eye move-
ments that East Asian observers pay more attention to
the eyes than to the mouth as compared to Western Cau-
casian obsversers. As a consequence, East Asian subjects
are more likely to confuse fear and surprise, as well as dis-
gust and anger—emotions whose expression is similar,
respectively, in the eye region. Anecdotally, the focus on
the eye region is reflected in Asian emoticons that depict
different emotion expressions through different represen-
tations of the eyes (rather than the mouth as in Western
emoticons; Yuki et al., 2007).
Beyond basic emotions, cultural differences increase.

Most differences are attributed to the collectivistic na-
ture of Asian societies, in contrast to Western individu-
alism (e.g., Masuda et al., 2008). Also, the stimuli that
elicit positive and negative emotions can differ between
cultures. To give an example from marketing, a TV com-
mercial that is funny in one country may very well be
seen as offensive in another country. But, regardless of
cultural background, people’s responses to stimuli are ex-
pected to differ in the fundamental emotional appraisal
dimension of valence—which is the dimension that is tar-
geted by EMO Scan. So, if we can show that EMO Scan
can validly distinguish positive and negative expressions
in Asian faces, identifying culturally suitable motifs for
marketing communication could represent an important
application case.

2 Method

2.1 Participants
In order to evaluate if EMO Scan is also a valid method
for the inference of emotional states from facial expres-
sions of Asian participants we conducted a study in
Shanghai, China. In total, 209 participants completed
the survey: 104 male, 105 female. Mean age was 35.6
years (SD = 11.55 years), with a range of 18 to 59 years.

Participants were recruited by telephone from the local
GfK consumer panel.

2.2 Design and Procedure
Participants were invited to individual rooms by an in-
terviewer and placed in front of a computer screen with
a webcam on top. The interviewer informed the partic-
ipant about the procedure and asked for her consent to
take video recordings that would be used in a research
project. Left and right of the desk soft light was created
by soft boxes to ensure that the respondent’s face was
well lit and clearly visible for later analysis.
The whole procedure consisted of a web-based ques-

tionnaire that was programmed for self-administration
but the interviewer remained in the room in case there
were any questions.
After the introductory information and general in-

structions, sociodemographic questions and questions
about attitude towards TV commercials were asked.
Then, participants were exposed to a block of 5 TV
commercials (TVC) in randomized order during each of
which respondents’ faces were recorded with the webcam.
Onset of the TV commercial was synchronized with on-
set of webcam recording by the questionnaire software.
Videos were recorded with 25 frames per second. Each
TV commercial was preceded by 3 seconds of black screen
exposure for post-hoc calibration, and followed by 2 sec-
onds of black screen for capturing potential aftereffects.
After the commercial block, the TVCs were shown for

a second time, now individually and immediately fol-
lowed by a series of diagnostic questions about the TV
commercial and the advertised product. As the main
focus of the present paper is on the results for affective
pictures (see below), we will restrict analysis to pleasant-
ness ratings and overall liking for the TV commercial as
well as liking for the advertised product. Subsequently,
TV commercials were shown individually for a third and
last time, now followed by appraisal ratings for each of
the different scenes contained in a clip.
In the next section, participants saw a slide show con-

sisting of 32 affective pictures in a random sequence,
drawn from the International Affective Picture System
(IAPS; Lang et al., 2008), 16 of positive, and 16 of neg-
ative valence (see Table 1). Erotic pictures and pictures
of extreme violence or injuries were excluded so that the
range of motifs was well within what is common in mar-
keting communication. Each affective picture was pre-
ceded by 1 second of black screen for post-hoc calibration
and then remained visible for 6 seconds. During each ex-
posure, respondents’ faces were recorded with the web
cam.
After the slide show, participants were shown the 32

pictures a second time in the same order as before. They
were asked to rate their pleasantness (“I personally felt
that the picture was . . . :”) on a bipolar 11-point scale
from “very unpleasant” (-5) to “very pleasant” (+5).
Finally, participants were asked to evaluate the ques-

tionnaire and the interview situation. After completing
the questionnaire, they received their show-up fee from
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the interviewer and were bid good-bye. Overall, one ses-
sion lasted about 50 minutes.

2.3 Analysis of video recordings
All video recordings were analyzed with the EMO Scan
software, resulting in one net score per video frame that
indicates valence of facial expressions. To account for
differences in physiognomy (e.g., differences in the ap-
pearance of faces due to wrinkles, relative position of fa-
cial features such as eyebrows, etc.), valence scores were
baseline-corrected: The mean valence during the baseline
period—that is, the 3 seconds of black screen preceding
each TV commercial and the 1 second of black screen
preceding each IAPS picture—was subtracted from the
valence scores. Thus, valence scores should be inter-
preted as valence compared to baseline facial expressions,
so they indicate in which direction and to what degree
a scene or a picture changes the valence of the viewers’
emotional experience relative to immediately before the
exposure.

3 Results

3.1 IAPS
With the exception of erotic pictures (which had been ex-
cluded from our subset), valence responses to IAPS pic-
tures have been shown to be comparable between Chinese
and Western respondents (Gong and Wang, 2016; Huang
et al., 2015). This is confirmed in the present study by
the respondents’ mean ratings of the pictures (see Table
1): Positive pictures received mean valence rating of 2.73
on average, with a minimum mean valence of 1.91. Neg-
ative pictures received mean valence rating of -2.45 on
average, with a maximum mean valence of -1.55. Thus,
positive and negative pictures clearly elicit opposite re-
sponses in terms of self-reported valence on average. Our
main question is to what extent we can predict norma-
tive picture valence (i.e., the valence according to IAPS
manual) as well as subjective valence (as indicated by
the indivdual picture ratings) from the results of the au-
tomatic analysis of facial expressions with EMO Scan.
To test this, valence scores during the 6-second ex-

posure time of each picture were averaged, resulting in
one baseline-corrected valence score per picture and re-
spondent. Then, the individual mean valence scores were
averaged across participants, resulting in one average va-
lence score per picture. A numerically positive value (i.e.,
a value greater than zero) indicates that the picture, on
average, induced an increase in valence relative to base-
line, whereas a negative value suggests that the picture
led to a decrease in valence. We can now evaluate for
how many of the IAPS pictures we can predict norma-
tive valence from the sign of the mean EMO Scan valence
scores. For comparison, for each percentage reported in
the subsequent paragraph, we also report in parentheses
the corresponding percentage from Garbas et al. (2013)
that was achieved with German respondents.

Based on the sign of the mean valence scores of the
32 pictures, a hit rate of 87.5% (vs. 75.0% in German
sample) is achieved (computed as the fraction of correct
predictions; see Table 1). However, several pictures (e.g.,
pictures showing nice landscapes or sports scenes) result
in rather small valence scores close to zero, indicating
that valence of facial expressions hardly changed relative
to baseline. Focusing on a subset of pictures that pro-
duced stronger responses might yield higher predictive
accuracy. If the focus is narrowed on the 11 pictures
with valence scores more extreme than zero +/- 1 stan-
dard deviation (SD of the 32 mean valence scores = 2.90),
a hit rate of 100% is achieved (vs. 100% in German sam-
ple based on 7 pictures). Overall, the correlation between
mean valence ratings for the IAPS pictures and mean va-
lence scores is r = .75 (compared to r = .62 in German
sample).1
Additionally, we compare the individual valence rat-

ings for pictures with the results of the EMO Scan va-
lence classifier because the perceived valence could differ
both from normative valence from the IAPS manual and
between individual respondents. Similar to Garbas et al.
(2013) we estimated three linear models

yi,j = x>
i,jβ + εi,j ,

where yi,j is the rating of picture j of individual i, xi,j

is a vector of independent variables, and εi,j denotes the
idiosyncratic error.
In all models, the vector xi,j contains the averaged va-

lence per picture for each respondent and the interaction
of the averaged valence and a dummy variable (“neg”)
indicating whether the normative valence of a picture
according to the IAPS manual is positive or negative.
Additionally, we controlled for the valence classification
according to the IAPS manual using a dummy variable
for negative pictures in model (1).
In the model (2) we included a picture fixed effect

instead of the normative IAPS classification. Finally,
we controlled for individual unobserved heterogeneity in
model (3) estimating a typical fixed effects model. The
standard errors shown in Table 2 are cluster-robust con-
trolling for individual error terms being correlated.
Regression results in Table 2 are almost identical to

the results from Garbas et al. (2013). The signs of all
coefficients are the expected ones. The average valence
inferred by EMO Scan is positively connected with the
average rating, which means that a higher valence mea-
sured with EMO Scan is accompanied with higher, more
positive, individual ratings, and vice versa. The explana-
tory power of the valence variable hardly differs for posi-
tive and negative classified pictures since the interaction
1Note, however, that mean valence scores for the German sample
were computed based on a global calibration phase before picture
exposure, whereas for the Chinese sample in the present study
each picture was calibrated based on individual calibration phases
that preceded each picture. A reanalysis of the data from Garbas
et al. (2013) according to the same principle of individual, picture-
specific calibration yields the following, slightly higher accuracies
for the German sample: a hit rate for all pictures of 78.1%, and a
correlation between ratings and valence scores of r = .70.
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Predictions
Motive Normative

valence
(acc. to
IAPS)

Average rating
(-5 to +5)

Mean valence of facial
expressions
(SD=2.90)

Valence in correct
direction?

Valence in correct
direction for pictures
with values more

extreme than ±1 SD?
Baby POS 3.46 7.49 1 1
Dollars POS 3.13 3.69 1 1
Seal POS 2.72 1.97 1
Skiing POS 2.62 -2.17 0
Rabbits POS 2.77 4.38 1 1
Sunset POS 2.98 -0.27 0
Skydivers POS 2.72 0.23 1
Rafting POS 2.29 0.77 1
Water slide POS 2.95 1.20 1
Ice cream POS 2.77 1.41 1
Fireworks POS 2.89 1.66 1
Water skiing POS 2.38 0.35 1
Puppies POS 2.97 1.72 1
Couple in ocean POS 2.6 2.92 1 1
Jaguars POS 1.91 0.64 1
Kissing couple POS 2.57 0.63 1
Cockroaches NEG -3.19 -1.47 1
Garbage NEG -2.67 -0.99 1
Spider on arm NEG -1.78 -3.67 1 1
Snakes NEG -3.35 0.14 0
Rat NEG -3.4 -4.91 1 1
Aggressive dog NEG -1.55 -3.66 1 1
Headache NEG -1.87 -0.71 1
Car wreck NEG -2.8 -4.18 1 1
Sinking ship NEG -2.94 -3.59 1 1
Burning stuntman NEG -1.96 -2.67 1
Exhaust fumes NEG -1.61 0.18 0
Skulls NEG -3.29 -3.18 1 1
Dentist treatment NEG -2.07 -5.94 1 1
Boy in despair NEG -1.92 -0.73 1
Soldiers NEG -2.38 -1.95 1
Spider NEG -2.49 -2.66 1
HITRATES 0.88 1.00

Table 1: Predictions of normative valence for 32 IAPS pictures based on inferred valence of facial expressions.

5



GfK VEREIN WORKING PAPER /// NO. 5 / 2017

Rating
(1) (2) (3)

valence(mean) 0.005*** 0.004** 0.004**
(0.002) (0.002) (0.002)

valence(mean)*neg -0.005* -0.004 -0.004
(0.003) (0.003) (0.003)

intercept 2.731*** -3.228*** –
(0.075) (0.134) –

neg -5.2*** – –
(0.138) – –

control picture – yes yes
(partly sig.) (partly sig.)

control respondent – – yes
– – (partly sig.)

Observation 6449 6417 6209
adj. R-squared 0.674 0.698 0.729

Clustered standard errors in parentheses
*** p < 0.01, ** p < 0.05, * p < 0.1

Table 2: Results of regression analysis: Linear estimation
of individual ratings by using individually averaged va-
lence from EMO Scan and information from IAPS man-
ual.

term is not significant (or only at the ten percent level)
and additionally, the sum of the coefficients for valence
and the interaction term equals zero. Similar to the Ger-
man validation study the coefficient for valence is highly
significant in all models and robust towards further con-
trol variables. This means that valence measured by
EMO Scan explains variance in picture ratings beyond
the variance explained by normative IAPS classification
also for Chinese respondents.

3.2 TV commercials
Participants have been exposed to five different TV com-
mercials, selected to elicit the following responses:2

(a) chocolate bar (positive, amusement)

(b) baby care (positive, warmth, tenderness)

(c) sweets (mixed, amusement but possibly also rejec-
tion)

(d) automotive (negative, boredom)

(e) anti drink & drive campaign (negative, shock, sad-
ness)

Valence of facial expressions during ad exposure is com-
pared to self-reported overall pleasantness of the TV
commercial (11-point bipolar scale), overall ad liking (5-
point bipolar scale) and agreement with the statement
“This commercial makes me like the product featured in
the commercial” (5-point unipolar scale).3

2The ads have been selected upon recommendation of two Chinese
market research experts.
3As said above, many more diagnostic questions about the ad have
been asked. The three items were selected from the frame question-
naire for their presumed connection to the valence of the experience
during ad exposure.

Besides averaging valence of facial expressions during
exposure, two more options for deriving a summary af-
fect metric over time are proposed. For that, individ-
ual valence results are aggregated to 1 Hz. That is, the
25 values corresponding to 1 second of the exposure (as
videos were recorded with 25 frames per second) are aver-
aged, so that only one average valence value per second
remains. Based on the 1-Hz data sets, the “peak-end
value” of each respondent for a particular commercial is
computed. It is based on the peak-end rule (Fredrickson
and Kahneman, 1993), according to which global eval-
uations of affective experiences can be “predicted by an
unweighted combination of the most extreme affect expe-
rienced during the episode and by affect at the end mo-
ments” (p. 54). Accordingly, we compute the peak-end
value by averaging the most extreme 1-Hz valence score
(that shows the greatest absolute difference from zero)
and the average valence of the last 5 seconds of stimu-
lus exposure (including 1 second of black screen). The
second, related score for aggregating valence is “slope”,
defined as the regression coefficient of the linear trend
across all seconds from stimulus onset to end, including
the first second of the concluding black screen. The idea
is based on a finding by Ariely (1998) that shows that,
at least for negative experiences, trend is an important
predictor of overall retrospective evaluation. Average val-
ues of the three ratings (pleasantness, ad liking, product
liking) and the three valence scores (average, peak-end
value, slope) for the five TV commercials are reported in
Table 3.4
Results from facial expression analysis and self-report

agree when it comes to distinguishing negative from pos-
itive clips: The commercials with the lowest pleasantness
ratings also have the lowest facial valence. However,
from the two positive clips, the positive-warm clip re-
ceived higher ratings than the funny clip, while facial va-
lence results point in the opposite direction. This is most
likely due to the intensity of emotion expression, which
is naturally stronger when laughing in amusement than
when possible showing only a slight quiet smile when ex-
posed to warm, tender content. Also, the mixed emotion
ad produced quite high facial valence scores but received
relatively low ratings. Here, strong amusement responses
may have outweighed more subtle signs of confusion or
rejection. These discrepancies need to be kept in mind
when interpreting EMO Scan results and strong amuse-
ment responses must be treated with a certain level of
caution.
Comparing the different—albeit highly correlated—

aggregate facial valence scores, it needs to be noted that
the pattern described above holds for all of them. But
the peak-end value offers the highest degree of differenti-

4Product liking is missing for the anti drink & drive TV com-
mercial. This is because the commercial has been taken from a
public campaign against drunk driving, so there was no advertised
product. Note that this may also explain why overall ad liking is
relatively high for this spot: While the experience during exposure
may have been unpleasant, with shocking and sad events depicted,
most viewers probably support the well-intended purpose of the
ad.
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Questionnaire results Facial expression results

Average
pleasantness

rating*

Average overall
ad liking**

Average
agreement

“made me like
product”***

average
valence

peak end
value slope

Chocolate bar
(positive-

amusement)
2.57 3.15 3.90 6.78 24.16 0.40

Baby care
(positive-warm) 2.67 3.29 3.87 -1.39 1.60 -0.01

Sweets
(mixed) 1.84 2.64 3.42 3.62 14.86 0.90

Automotive
(negative-
boredom)

1.43 2.48 3.33 -6.75 -7.09 -0.20

Anti drink & drive
(negative-sadness) -0.18 2.89 -6.03 -3.17 -0.11

* on a scale from -5=very unpleasant, to 5=very pleasant
** on a scale from 1=disliked very much, 5=liked very much (inverted relative to original scale)
*** on a scale from 1=do not agree at all, to 5=totally agree

Table 3: Average rating results and time-aggregated results from facial expression analysis for the five test commercials.

ation between the ads and the highest face validity, while
its agreement with self-report in terms of ranking is the
same as for the average valence.
In Table 3 only aggregated scores across time are con-

sidered. This, however, means that a lot of information
is lost, especially the temporal resolution that is consid-
ered one of the greatest strengths of automated analysis
of facial expressions. To evaluate the course of emotional
valence changes over time of exposure, we compare EMO
Scan results and scene-to-scene ratings for each commer-
cial.
Figure 1 shows the mean valence time course result-

ing from EMO Scan along with the mean scene-to-scene
pleasantness ratings. Each new scene in the TV commer-
cial has been shown to respondents post-hoc as pictures
and rated on a bipolar 11-point scale from “very unpleas-
ant” (-5) to “very pleasant” (+5).
For the humorous chocolate bar and sweets ads, these

scene-to-scene ratings and the EMO Scan valence clearly
show a similar time course. For the baby care and the
anti drink & drive ad there seems to be a common pat-
tern, at least when ignoring two short scenes in the baby
care commercial in which only text in front of black back-
ground and no baby is shown (highlighted in yellow in
the respective figure). An exception is the automotive
commercial where we observe opposing trends.
The patterns that can be observed in Figure 1 are con-

firmed by the correlations between scene-to-scene ratings
and EMO Scan valence (see Table 4). The Pearson cor-
relation coefficient for the car commercial is negative. As
described, the commercial is quite repetitive and proba-
bly boring, so the lack of positive facial response is not
surprising; however, in the last third of the commercial, a
car and the car brand become visible. Cars are a desired
good in China, with ownership rapidly increasing (Chi-
naAutoWeb, 2014), so respondents may have been reluc-

tant to give low pleasantness ratings for the respective
scenes, leading to a discrepancy between facial responses
and ratings.

Clip

Correlation EMO
Scan valence with
scene-to-scene

ratings
Chocolate bar 0.59
Baby care
- all scenes -0.10
- without black-screen scenes 0.31
Sweets 0.83
Automotive -0.27
Anti drink & drive 0.61

Table 4: Pearson correlation coefficients between scene-
to-scene valence ratings and EMO Scan valence. For
computation we matched scene-to-scene rating and EMO
Scan valence according to the time stamp and correlated
the rating of each scene with the average EMO Scan va-
lence scores observed during the second that immediately
followed the respective scenes.

Additionally, the overall correlation for baby care is
negative, although rather small. Considering the rat-
ings for the baby care commercial in more detail, the
two scenes in the middle of the commercial with no baby
but only black screen and text visible stand out: they re-
ceive clearly lower pleasantness ratings than all the other
scenes. When these two scenes are eliminated the corre-
lation for the baby care commercial increases from -0.1
to 0.31. It makes sense that the two scenes score lower
in pleasantness when rated in isolation and out of con-
text, compared to scenes depicting a cute baby. When
viewed within the flow of the commercial video, in con-

7



GfK VEREIN WORKING PAPER /// NO. 5 / 2017

-20

-10

0

10

20

30

-2

-1

0

1

2

3

0 5 10 15 20 25 30 35 40 45 50 EM
O

 S
ca

n
 v

al
en

ce

ra
te

d
 p

le
as

en
tn

es
s

(a) Chocolate bar

-20

-10

0

10

20

30

-2

-1

0

1

2

3

0 5 10 15 20 25 30 EM
O

 S
ca

n
 v

al
en

ce

ra
te

d
 p

le
as

en
tn

es
s

scenes without baby visible,
only black screen with text

(b) Baby care

-20

-10

0

10

20

30

-2

-1

0

1

2

3

0 5 10 15 20 EM
O

 S
ca

n
 v

al
en

ce

ra
te

d
 p

le
as

en
tn

es
s

(c) Sweets

-20

-10

0

10

20

30

-2

-1

0

1

2

3

0 5 10 15 20 25 30 35 40 EM
O

 S
ca

n
 v

al
en

ce

ra
te

d
 p

le
as

en
tn

es
s

(d) Automotive
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(e) Anti drink & drive

scene-to-scene pleasantness ratings EMO Scan valence from facial expressions 

Figure 1: Scene-to-scene pleasantness rating and corresponding valence time course inferred from facial expression.
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trast, the two text screens seem to be well integrated and
accepted, and do not interrupt the overall positive facial
expressions.

4 Discussion
The goal of the present study was to evaluate whether
automatic facial expression analysis with EMO Scan of-
fers valid results also for Asian respondents. Focusing on
IAPS, valence scores automatically inferred from facial
expressions are lower compared to a previous study with
German participants. Nevertheless, when using the sign
of the score to predict whether the normative valence of
an IAPS picture is positive of negative, an impressive
hit rate of 87.5% is achieved, which can be increased to
100% when focusing on the subset of stimuli that pro-
duce relatively strong facial responses. Thus, accuracy is
even higher than in the previous study with a German
sample. Surprisingly, given that cross-cultural studies
find that expression of negative emotion is socially unde-
sirable in Asian collectivistic cultures (e.g., Biehl et al.,
1997), higher accuracy is due to better identification not
only of positive but also of negative IAPS pictures. Thus,
at least in our computer-based interview procedure, neg-
ative facial responses seem to have been quite clearly
discernible for the automatic system.5
Further research should focus on increasing the vari-

ability of physical features in the respondents face in-
cluding skin color and presence of facial hair, because
weaker contrast in the face may make it more difficult
to detect facial features such as eyebrows. Re-training of
the computer-vision algorithms with more population-
specific training data might become necessary in these
cases.
Also, it would be interesting to extend on these find-

ings and explore cultures in which the facial expression
of emotions is potentially more controlled than in China,
such as Japan (Biehl et al., 1997; Safdar et al., 2009).

5 Conclusion
We showed that EMO Scan produces sufficiently high
predictive validity also for Chinese participants. Simi-
lar to the validation study with Western respondents it
should be refrained from interpreting small valence values
close to zero because of their limited validity. Consider-
ing the results from the TV commercials, we showed that
EMO Scan is associated with, e.g., ad liking. Also the
5As explained above, EMO Scan is based on extensive machine
learning resulting in a classifier working on local feature patterns
that do not necessarily have a semantic meaning (21025 features
are evaluated per 30x30 image block). Therefore, we do not know
whether facial responses in our present sample semantically dif-
fer from the previous study in Germany. Annotations of Action
Units would be needed to explore possible differences in the way
positive and negative valence is expressed in German vs. Chinese
respondents. Because the total recording time is far too long for
manual annotations, future work should either select a subsample
of recordings for annotations or work with automatic AU detection
software (for a promising approach, cf. Hassan et al., 2016).

temporal change of the valence during the exposure re-
flects the scene-to-scene valence ratings self-reported by
the participants. Thus, we conclude that EMO Scan can
be used to infer emotional valence of responses to TV
commercials in China, both in terms of overall response
as well as on the individual scene level.
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