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I can see how you feel—Methodological considerations and handling of
Noldus's FaceReader software for emotion measurement
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ARTICLE INFO ABSTRACT

Keywords: The human face provides countless pieces of information, not least through the display of emotions, driving
Emotion intensified research interest. Common research methods, such as self-reports, often neglect the subtlety of un-
Fa“_emad“ . conscious emotional responses or risk distortion due to subjective evaluations. Although emotions can occur
;a::ml erpn?k:;l;o: unconsciously, they sometimes trigger the smallest physiological changes in terms of muscle movements in the
Noldus face. Manually associating specific emotions with such subtle changes proves to be both time-consuming and

intricate. Facereader software, a tool that evaluates video recordings to categorize facial expressions based on
muscle movements, including basic emotions, receives more attention, with Noldus' FaceReader software being a
prominent example. Nevertheless, a comprehensive pre-purchase guide detailing potential use cases and oper-
ational prerequisites is conspicuously lacking, and insights into processing generated data outputs remain
confined. Addressing this gap, this paper contributes preliminarily to creating an overview of the use and
handling of Noldus FaceReader in different research areas so far. Our findings illuminate pivotal factors for
experimental scenario decision-making, offering valuable guidance for methodological considerations involving
FaceReader. Consequently, a proposed pioneering guideline aims at standardizing FaceReader utilization,

fostering accurate data management, and nuanced result interpretation.

1. Introduction

People try to satisfy a mixture of emotional and utilitarian needs and
benefits by means of consumption (Das and Varshneya, 2017). Con-
sumer behavior, is determined in this context by emotions as humans do
not merely make rational decisions (Holbrook and Hirschman, 1982;
Bagozzi et al., 1999; Beriault-Poirier et al., 2019). Variables such as
technology use (Hibbeln et al., 2017), customer patronage intention
(Wang, 2009), loyalty (Hibbeln et al., 2017), or even a basic product or
service evaluation (Zaman and Shrimpton-Smith, 2006; Kim and Gupta,
2012) can be influenced by the emotions felt during an (e.g., service or
human-computer) interaction. Accordingly, emotions are a great source
of information regarding, for example, product evaluations and other
downstream variables relevant for making management decisions (Gu
and Ji, 2004; Zaman and Shrimpton-Smith, 2006; Maison and Paw-
towska, 2017).

Positive and negative emotions can be considered as independent
constructs, which is why different behavioral or cognitive responses are
triggered depending on their expression (Lee et al., 2011). On this basis,
different ways of measuring emotions have been developed in
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psychology and sociology (Zaman and Shrimpton-Smith, 2006). A
distinction is made between questionnaires, the analysis of physiological
data, and speech recognition or personal preference information (Terzis
et al., 2013). Questionnaire-based measures are mostly self-reports like
interviews, which can be visual or verbal or written in nature and can
focus on either moment-to-moment situations (Poels and Dewitte, 2006)
or past behavior and the emotions felt in the process that can be
analyzed (Danner et al., 2014; Li et al., 2018). The contents and strue-
tures of the underlying scales are very diverse. It is possible to retrieve
emotions via bipolar scales (Berkowitz, 1964; Watson et al., 1988). In
some cases, emotions are also summarized in terms of mood, e.g., using
the Profile of Mood States (POMS) questionnaire (McNair et al., 1971) to
assess mood-related adjectives, which are then subscaled to emotions or
even summed up to an overall negative mood score (Smolarski et al.,
2015).

Combined procedures that link self-reports with observations by the
experimental leader (Tansik and Routhieaux, 1999) are also used. Since
behavioral science is increasingly used in business administration, the
methods mentioned above are applied to various questions, e.g., in
marketing and management (Papen et al., 2019), human resource
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management (Kiewitz et al., 2016; Sarwar et al., 2023), or business
strategy (Hiittl-Maack et al., 2019).

Nevertheless, emotions are often unconscious (Bagozzi et al., 1999;
Maison and Pawlowska, 2017) or cannot be communicated verbally in
the initial state. Thus, working with psychological or sociological scales
within questionnaires or with text analysis might not always be suffi-
cient to measure initial emotions (Crolic et al., 2022). In addition, af-
fective states are not independent of each other (Russell, 1980), which is
why scale-based independent observations could lead to biases. People's
faces, conversely, provide a substantial amount of information—-
whether it is the focus of attention mediated by eye gaze or the moti-
vational and emotional status (Langner et al., 2010). Thus, physiological
technologies to measure emotions are used. Besides eye-tracking
(Ramsgy et al., 2012), tools such as EEG or heart rate registration
(Micu and Plummer, 2010; Cook et al., 2011) as well as skin conduc-
tance (Poels and Dewitte, 2006) can be used to measure f.e. arousal.
Nevertheless, there tools do not allow a specific determination of the
emotions felt.

Thus, the use of facial recognition software is becoming increasingly
relevant (Borges et al., 2019). A so-called facereader—unlike a text
analysis—allows users to view emotions such as anger not exclusively as
exogenous and therefore independent of the basic emotional state but as
a dynamic process (Teixeira et al., 2012). Since other measures of
emotions furthermore neglect the initial emotional state (Crolic et al.,
2022), it can be useful to apply facial recognition software like Nviso,
Affdex, OpenFace, AFAR toolbox or Noldus FaceReader (Juodeikiene
etal., 2014; Brodny et al., 2016; Namba et al., 2021). Of the above, some
belong into the category of academic tools, while FaceReder is a com-
mercial software package dedicated to the largest number of recogniz-
able muscle movements with the highest accuracy in determining and
quantifying the primary emotions triggered (Yu and Ko, 2017; Noldus
Information Technology b.v., 2023). This software has previously been
validated and successfully applied in multiple contexts (Borges et al.,
2019).

The Noldus FaceReader software is used in various research contexts,
such as medicine and marketing, to answer a diverse range of questions.
However, as mentioned above, this is only software for evaluating data
in the form of images or, more specifically, video material, so it is not a
relatively static procedure for obtaining information, as is the case, for
example, with the use of established scales within a questionnaire. The
accompanying manual from Noldus (Noldus Information Technology b.
v., 2015) does not currently provide any clear information about the
basic use cases for which the FaceReader software is suitable or prepa-
rations regarding the generation of the video material and all important
prerequisites that must be fulfilled to achieve beneficial use of the
software. In addition, according to the author's knowledge, there do not
seem to be any concrete instructions on how the data generated by the
Noldus software can and should be used for further quantitative analyses
to ensure comparability or general significance as well.

Based on previous use of Noldus's FaceReader software in research,
the following research questions therefore arise:

RQs: Which basic guidelines or contextual requirements can be derived
for the use of Noldus's FaceReader for the overall process of data
collection, analysis, and interpretation? How reliable is the validity of the
generated results?

In order to answer the research questions, a theoretical frame of
reference on the subject of FaceReader was first established, and two
studies were then conducted. Study 1 is a systematic literature review,
which aims to show the current status and use of FaceReader in the
literature to establish a basic guideline to answer the first part of the
research question. For study 2, subjects were asked to play a short
computer game while video footage of their face was taken. This ma-
terial was analyzed using FaceReader and used to compare the analysis
methods previously identified in study 1 to answer the second part of the
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research question.
2. Theoretical background—FaceReader

In the measurement of emotions, there are initially two different
theoretical attempts to classify emotions: the categorial and the
dimensional approach. Following the dimensional approach, emotions
can only be distinguished by the dimensions valence and arousal
(Tomkins and McCarter, 1964; Ekman and Friesen, 1971; Johnson-laird
and Oatley, 1992). Valence determines whether a person's emotional
state is positive or negative (Russell, 1980), whereas arousal describes
emotional activation or excitedness (Yang and Dorneich, 2015). The
categorial approach assumes that six basic emotions (happiness, sur-
prise, anger, fear, disgust, sadness) can be distinguished in addition to
the neutral state (Ekman et al., 1969; Ekman and Friesen, 1971; Ekman,
1992). Classification of emotions based on facial expressions is made
possible by the Facial Action Coding System (FACS) following Ekman
and Friesen (1978). A person's face is thereby analyzed for various ac-
tion units (AUs), which fundamentally represent possible movements in
a person's face (McDaniel et al., 2007a; Grafsgaard et al., 2013a), trig-
gered by movements in the facial muscles (Yang and Dorneich, 2015).
Since support for both theories could be found in the scientific com-
munity, research now also assumes a hybrid approach that combines
both parts of the theory (Russell, 2003; Christie and Friedman, 2004;
Panayiotou, 2008). The software solution of Noldus also follows these
findings and considers both the categorial and the dimensional
approach, which generates a great added value.

Facial feature tracking tools, such as Noldus's FaceReader, essentially
recognize faces and then localize changes to the neutral facial state, such
as movements of the mouth and the corners of the eyes. Any movement
in the face that deviates from the neutral state (i.e., the absence of any
significant emotion) is an AU. There are approximately 58 different AUs
(McDaniel et al., 2007b; Grafsgaard et al., 2013b; Maison and Paw-
towska, 2017).

Accordingly, seven emotional states can be classified by Noldus's
FaceReader, including happiness as a positive emotion and anger,
disgust, fear, and sadness as negative emotions, whereas surprise and
contempt can only be assigned to these categories depending on the
context (Yu and Ko, 2017; Borges et al., 2019). The emotional state
“neutral” refers to the absence of the aforementioned emotions (Yu and
Ko, 2017).

It is possible to analyze the average negative or positive emotion
intensity while a task is proceeding or during the event of a specific
stimulus. In this case, valence and arousal are considered. The FaceR-
eader software provides the values for the emotional states (ranging
from O to 1, adding up to 1) as well as arousal (a separate value ranging
from 0 to 1) and valence (range from 1 to 1) per subject with a chosen
analysis frame rate of 30 frames per second (Borges et al., 2019). This
allows moment-to-moment measurements. It is particularly important in
the analysis of emotions to capture them at the exact moment of an
occurring stimulus because it is very difficult for a subject to reproduce
emotions later (Zaman and Shrimpton-Smith, 2006).

The previously addressed magnitude of valence is widely used to
determine the basic emotional response of users after, for example, a
service experience (Peng et al., 2017; Ribeiro and Prayag, 2019). The
former takes values from 1 to 1, whereby a value of 1 indicates that
only negative emotions are present and a value of 1 that only positive
emotions are felt, 0 being classified as absolutely neutral (Yang and
Dorneich, 2015; Beriault-Poirier et al., 2019; Zhang et al., 2023a).
Arousal, conversely, provides information about the emotional activa-
tion or excitedness of the respective subject (Yang and Dorneich, 2015)
and can be assessed as calming or exciting (Yang and Dorneich, 2015).
Happiness essentially triggers mid-arousal and positive valence,
whereas anger has negative valence values and triggers high arousal
(Haavisto and Sandberg, 2015).
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3. Study 1
3.1. Methodology

To answer the research question, a systematic literature review (SLR)
was conducted, which was primarily based on the approach and rec-
ommendations of Tranfield et al. (2003), supplemented by the ap-
proaches of Christofi et al. (2017). The literature review methodology is
intended to advance academic discussions, but also to create approaches
for various stakeholders (Kraus et al., 2022). Fig. 1 shows a summary of
all SLR steps including the number of extracted papers within each step.

In the first step [1], the conceptual boundaries of conducting a SLR
focusing on research using Noldus's FaceReader software were set. Thus
within the next step [2], the identification of keywords and search terms
(Tranfield et al., 2003), a combination of “facereader” and “noldus” was
specified as a search string. FaceReader is the common name for the
emotion recognition software of Noldus, but other similar analysis tools
are also listed under this term. However, since the intended analysis
should refer to the specific case of the Noldus application and thus
exclude, for example, open-source software, the restriction by the
keyword “noldus” was necessary. Specifically, the search string “facer-
eader AND noldus” was used in the search fields title, abstract, keywords
as well as the full text. The “AND” link already ensures the exclusion of
papers that use or refer to facereader software, which however is not the
software offered by Noldus and thus would violate the set focus under
[1].

In the context of the analysis, thirteen databases available via EBS-
COhost were accessed (Academic Search Elite, APA PsycArticles, APA
Psyclnfo, Business Source Complete, CINAHL, Communication & Mass
Media Complete, EconLit with Full Text, greenFILE, Literary Reference
Center Plus, MLA Directory of Periodicals, MLA International Bibliog-
raphy, Regional business news, TOC premier). These data bases were
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used because they allowed an interdisciplinary spectrum to be repre-
sented in order to provide an overview that was as generally valid as
possible in relation to the research question. An example of this is “APA
PsycArticles”, where research results are primarily from the field of
psychology, compared to “Communication & Mass Media Complete”
with a focus on communication. This step yielded 133 papers.

Step number three [3] led to an elimination of 6 papers as they were
not available in English or as peer-reviewed full-text or were published
before 2013. The timeframe of 2013-2023 was set as exclusion criterion,
because review publications covering the last ten years will also cover
prior results (Aromataris et al., 2015). Moreover, by 2013 Noldus
version 5 was accessible for over one year, which brought very large
innovations in facereading after a development leap of five years from
version 4 (Thoomes-Wildschut, 2012).

After removing all duplicates [4], abstract and full-text were
screened within the framework of data extraction. Papers were f.e.
excluded because they reported studies with children. In general,
FaceReader can only be used with children older than 3 years (Danner
et al., 2014), but, since emotions are subject to a maturation process
(Schaie and Lawton, 1997; Bugos et al., 2022), this special case was not
considered due to the intended generalizing character of the present
study. Some papers showed no further relevance to the topic, so 49
papers were finally included in the concluding analysis. A supplemen-
tary search via Google Scholar and cross-citations of the EBSCOhost
articles yielded 15 additional papers, which were included in the anal-
ysis. Thus, 64 papers were analyzed in sum.

3.2. Analysis prerequisites datafit

To check whether the selected papers were also suitable for making a
fundamental contribution to answering the research question, text
mining was carried out using the software “Leximancer”. The output of

SLR with focus on research using Noldus‘s FaceReader Software for data collection

Database: Academic Search Elite, APA PsycArticles, APA PsycInfo, Business
Source Complete, CINAHL, Communication & Mass Media Complete, EconLit
with Full Text, greenFILE, Literary Reference Center Plus, MLA Directory of
Periodicals, MLA International Bibliography, Regional business news, TOC premier

Search string: title, abstract, keywords and full-text: “facereader AND noldus*

Publication type: peer-reviewed academic articles
with full-text

Time frame: 2013-2023

Language: english

Excluding paper f.e., if: study includes children, no contextual relevance is given, FaceReader Version 4 and lower used

Generation of 5 supercategories, conduction of summarizing checklist

Fig. 1. Overview of SLR conduction.
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the analysis is shown in Fig. 2. The color scheme of the figure is based on
a heat map according to the “Leximancer” output. Red indicates the
most important topics, whereas cooler colors (such as blue and green)
are considered less important related to the frequency and linkage of the
word-like concepts. Accordingly, the selected papers are strongly related
to research topics in the area of emotions (see Fig. 2, left). Here, the fit of
the papers can also be seen in the analyst synopsis. A total of 1118 hits
related to the topic “emotion” and “facereader” were identified within
the individual papers; therefore, it can be assumed that sufficient in-
formation related to the research question can be aggregated from the
papers. A detailed look at the linkage of the concepts with a focus on the
term “facereader” (see Fig. 2, right) shows that this concept is strongly
linked to various concepts from all the categories of the papers.

3.3. Results of the systematic literature review

Within the scope of the systematic literature review, five major topic
complexes could be identified. This classification could be made based
on a content analysis of all papers on the basis of emergent coding
(Stemler, 2000). Initial reading of all papers already provided basic
ideas for possible subdivisions. Based on this, the articles were classified
into smaller subsections, so-called meaning units. These were then
further condensed and grouped into categories (Erlingsson and Brysie-
wicz, 2017). The superordinate topics are subdivided here into “rele-
vance and delimitation,” “data collection and preparation FaceReader
analysis,” “FaceReader output and data handling,” “goodness and val-
idity,” and “limitations/limiting factors.” In accordance with this clus-
tering, the results are presented in summarized form below.

3.3.1. Relevance and delimitation

Noldus FaceReader is the most widely used commercial professional
software for facial coding in research as well as in companies (Den Uyl
and Van Kuilenburg, 2005; Yu and Ko, 2017; Skiendziel et al., 2019;
Jiang et al., 2019; Namba et al., 2021) available in different versions
(note: within the SLR version 5 (e.g. Reeves et al., 2015; Noordewier and
van Dijk, 2019; Qiao et al., 2021), 6 (e.g. Bartkiene et al., 2019; Lavallee
et al., 2022; Coles et al., 2023; Moulds et al., 2023), 7 (e.g. Ahn and
Harley, 2020; Motro et al., 2021; Bekendam et al., 2021; Biidenbender
et al., 2023), 8 (e.g. Rodosky et al., 2023), 9 (Zhang et al., 2023b) were
analyzed). It can be classified as a biometric device (Neomaniova et al.,
2018) allowing intuitive in-depth emotion measurement over time
(Jiang et al., 2019; Jones and Hamby, 2023). Not least due to the
technical possibilities and further developments, analysis of facial

EMOTION

performance

X

Facgreader

° » facial

Fig. 2. Content map output of Leximancer.
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expressions and emotions is now possible in an automated way (Hofling
et al., 2022) resulting in dimensional (valence and arousal) as well as
basic emotion results (Zhang et al., 2023a). FaceReader is accordingly
also an easily accessible tool that can be used in the scientific community
(Lacroix et al., 2020) but is also interesting for marketers (Neomaniova
et al., 2018).

The literature has reported different areas of application and rele-
vant issues. The basic argumentation is mostly, as already mentioned in
the introduction, the variety of information to be read from a face as well
as the downstream variables influenced by emotions (Den Uyl and Van
Kuilenburg, 2005; Juodeikiene et al., 2014; Danner et al., 2014; Yu and
Ko, 2017). The papers have highlighted behavioral science, medicine,
finance, and education (Den Uyl and Van Kuilenburg, 2005; Juodeikiene
etal., 2014; Danner et al., 2014; Yu and Ko, 2017; Breaban and Noussair,
2018) as well as tourism (Hadinejad et al., 2019b) and especially
human-machine interactions (Skiendziel et al., 2019) and design (Yu
and Ko, 2017) as relevant application areas for the analysis of facial
signals.

Besides the solution of Noldus, other facial coding software exists on
the market, such as Affdex, nViso, and EmoVu. However, these are more
interpretative in nature and used for emotion recognition and classifi-
cation; in addition, unlike Noldus, no individual AUs can be classified
(Skiendziel et al., 2019) or a distinction between dimensional aspects
(valence and arousal) and basic emotions can be made (Zhang et al.,
2023a). Furthermore, most of these applications were designed as live
tools, which means that no recorded material can be analyzed
(Skiendziel et al., 2019). Noldus FaceReader also provides analysis re-
sults of real-time facial expressions, if needed (Hadinejad et al., 2019bj;
Coles et al., 2023). The graphical user interface of some of the available
open-source tools is also not especially user friendly (Namba et al.,
2021).

The basic advantage of FaceReader software compared with manual
coding performed by humans is the fixed rules. Since the software is
subject to algorithms, this analysis is free from personal bias or bias due
to exhaustion or loss of attention (Den Uyl and Van Kuilenburg, 2005;
Skiendziel et al., 2019). Similar problems occur with alternatives to
manual coding, such as the use of psychological scales (e.g., the Dif-
ferential Emotions Scale) or even self-report methods (Danner et al.,
2014; Hadinejad et al., 2019b).

Accordingly, automated facial coding (AFC) by software using the
same data set also always leads to the same results, since the disad-
vantages just mentioned do not apply. In addition, AFC is based on the
facial action coding system (FACS) of Ekman and Friesen (1978), which

amz

Note: Left—overall concept, right—focus on weighted facereader connections within the overall concept.
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is used for FaceReader, and on already existing knowledge and can draw
on knowledge and further developments collected over 50 years and
verified by many scientific studies and articles (Den Uyl and Van Kui-
lenburg, 2005; Yu and Ko, 2017; Skiendziel et al., 2019). Compared with
traditional analyses performed by FACS-trained individuals, the use of
FaceReader software is significantly less time consuming (Skiendziel
et al., 2019). As such, the use of FaceReader can compensate for the
disadvantages of previous facial coding or offline emotion measurement
methods (Terzis et al., 2013; Lewinski et al., 2014; Lewinski, 2015;
Neomaniova et al., 2018; Hadinejad et al., 2019b; Skiendziel et al.,
2019).

3.3.2. Data collection and preparation for FaceReader analysis

First, the sample selection is relevant. It should be noted that the
available literature does not include studies undertaken with children
for the reasons mentioned earlier. Subjects younger than 18 were also
excluded in principle from the analyzed literature as well as subjects
who took acute psychoactive medication or had suffered from an acute
episode of mental disorder (Hofling et al., 2020, 2022; Zempelin et al.,
2021).

Skiendziel et al. (2019) noted that a standardized procedure is
beneficial in data extraction. In this specific case, data acquisition refers
to the execution of the experiment as well as the associated video
recording, which is required for the analysis of emotions via Noldus
FaceReader. In this context, a laboratory setting seems to be common in
principle (de Wijk et al., 2014; Juodeikiene et al., 2014; Danner et al.,
2014; Kline et al., 2017; Hadinejad et al., 2019b; Ahn and Harley, 2020;
Hofling et al., 2022; Yang et al., 2022; Zhang et al., 2023b; Moulds et al.,
2023; Karreman et al., 2023). However, recording via subjects' own
webcams and thus opening the procedure for conducting experiments
via sites such as MTurk are also possible (Lewinski et al., 2014). Here,
the existing literature has revealed what appears to be a common
procedure.

The participants were informed about the experimental procedure
(Lewinski et al., 2014; Danner et al., 2014; Fiala and Noussair, 2017;
Hadinejad et al., 2019b; Zempelin et al., 2021; Yang et al., 2022) and, in
some cases, signed a consent form (Juodeikiene et al., 2014; Hadinejad
etal., 2019b; Hofling et al., 2020; Ahn and Harley, 2020; Zempelin et al.,
2021; Mitchell et al., 2022; Coles et al., 2023), although sometimes the
information and signature were provided after the experiment had
ended (Terzis et al., 2013; Danner et al., 2014).

The participants were asked to take off any jewelry, to move their
hair out of their face, and to remove any headgear in preparation for the
video recording (Skiendziel et al., 2019). Subjects with glasses were
given contact lenses to wear at the appointment and accordingly asked
not to wear glasses (Hofling et al., 2020, 2022). It should be noted that
such problems may become less important with higher FaceReader
software versions due to the growing data base. In some cases, a black
cape was put on to cover the visible clothing (Skiendziel et al., 2019).
Following the requirements for subsequent analysis with Noldus soft-
ware, care was taken to record subjects frontally in close-up, with full
recording of the face and good (if possible natural) lighting conditions
(de Wijk et al., 2014; Juodeikiene et al., 2014; Lewinski et al., 2014;
Danner et al., 2014; Kline et al., 2017; Owada et al., 2018; Hadinejad
et al., 2019a, 2019b; Skiendziel et al., 2019; Bartkiene et al., 2019; Yang
etal., 2022; Jones and Hamby, 2023). Having other people visible in the
video should also be avoided (Skiendziel et al., 2019).

The literature shows that, in standard FaceReader experiments,
facial data are primarily obtained via external cameras or webcams (Den
Uyl and Van Kuilenburg, 2005; Juodeikiene et al., 2014; Danner et al.,
2014; Nguyen and Noussair, 2014; Neomaniova et al., 2018, 2019;
Hadinejad et al., 2019a, 2019b; Hofling et al., 2020, 2022; Zempelin
et al., 2021; Yan et al., 2021; Yang et al., 2022). Integrated or external
webcams (Fiala and Noussair, 2017; Bartkiene et al., 2019; Hadinejad
et al., 2019a; Ploom et al., 2020; Moulds et al., 2023) with 640 x 480
pixels seem to deliver sufficient quality (Lavallee et al., 2022; Ling et al.,
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2023), whereas some authors also used HD cameras (Tsikandilakis et al.,
2020, 2022). An integrated qualitybar in FaceReader software is an in-
dicator for the quality of the face depiction (Bartkiene et al., 2019). In
addition, via FaceReader Online, the possibility has been raised of col-
lecting data on subjects' webcams, which are then stored in a cloud (Den
Uyl and Van Kuilenburg, 2005; Talen and den Uyl, 2022). The embed-
ding, for example via Qualtrics, of this online tool as well as the cloud
should be checked beforehand. In some cases, multiple cameras were
used to record both the subject's face and the screen (Eimontaite et al.,
2019). However, the latter was also partially solved by integrated screen
recording software (Shen et al., 2022).

Subjects should show a neutral facial expression at the beginning and
end of the experiment (Danner et al., 2014; Skiendziel et al., 2019; Yan
et al., 2021). This allows for calibration if the neutral expression should
already have been assigned to an emotion according to FACS. Zempelin
etal. (2021) used the mean of the first 200 measurements as a baseline at
a 10 hz sampling rate. However, Skiendziel et al. (2019), in their study,
found hardly any differences between the analysis with and the analysis
without prior calibration. Other studies did not use the calibration op-
tion (Talen and den Uyl, 2022; Rutter et al., 2022). Yet, calibration is
used very often as it takes only few seconds and reduces the risk of
incorrect emotion assignments (Leppanen et al., 2017; Owada et al.,
2018; Hadinejad et al., 2019a; Bekendam et al., 2021; De Meulemeester
et al., 2022; Lavallee et al., 2022; Ling et al., 2023).

The recording times depended greatly on the subject of the study.
The available papers showed times of 8 s (Rutter et al., 2022), 5 s
(Hadinejad et al., 2019b), and up to 60 min (Skiendziel et al., 2019) or
even 100 min (Harley et al., 2014) per video. A time limit was sometimes
not given (Yang et al., 2022), but, in some cases, the stimuli were time
limited and could not be repeated (e.g. Kline et al., 2017; Neomaniova
et al., 2019). Basically, it can be said that the longer the video recording
took, the longer the Noldus FaceReader analysis will take. Setting a fixed
stimulus time furthermore has the advantage of making the measure-
ments more comparable. The author also noted that it is fundamentally
better for handling the data later on if the video recordings are as syn-
chronously as possible, that is, with the stimuli starting at the same time
for the subjects and being of the same length. In this way, time markers
can be set at the same time and the emotions that occur can be compared
and assigned exactly for a period of time (Ahn and Harley, 2020).

The video recordings are subsequently sometimes cropped and edi-
ted with video editing programs (e.g., Owada et al., 2018; Skiendziel
et al., 2019; Moulds et al., 2023). Prior to this, a selection can already
have taken place. In this process, videos (and thus subjects) in which the
face is obscured, the recording breaks off, or other disturbing factors
occur can be excluded (e.g., Danner et al., 2014; Rutter et al., 2022).
However, this exclusion can be made only after the FaceReader analysis
and the more concrete results on the quality of the video footage. Spe-
cifically, FaceReader also evaluates the (image) quality of the injected
video material, which is why material of poor quality can also be
excluded before the analysis starts (Kline et al., 2017; Lacroix et al.,
2020). In addition to the latter deficiency, footage may be unusable for
FaceReader analysis if the software cannot reliably capture or recognize
the face (Furley et al., 2019, 2021). Lacroix et al. (2020) also eliminated
those participants whose facial expressions were considered problematic
if, for example, too much physical movement was perceived.

Authors have occasionally pointed out that the system requirements
anchored in the respective FaceReader manual were taken into account
when selecting the analysis computer (Skiendziel et al., 2019) as well as
in the resolution of the video and image files. It seems common to use
mp4 files with 25-30 frames per second (Juodeikiene et al., 2014;
Skiendziel et al., 2019; Bartkiene et al., 2019; Noordewier and van Dijk,
2019; Hu et al., 2019; Motro et al., 2021; Mitchell et al., 2022; Gupta
et al., 2022; Rodosky et al., 2023; Moulds et al., 2023).

The settings of Noldus can also be customized. For example, auto-
matic continuous calibration and frame-to-frame smoothing of classifi-
cation values can be disabled when using high-accuracy raw data
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(Skiendziel et al., 2019). Furthermore, it is possible to switch off the
default settings for a neutral facial expression and to code the neutral
facial expression per video (Skiendziel et al., 2019). However, the
default settings are also used in some cases (Furley et al., 2021). Addi-
tionally, as already mentioned briefly, markers can be set in the videos
within the software, for example to highlight the onset of a stimulus or
similar (de Wijk et al., 2014). Furthermore, users can specify in the
settings whether they want a concrete analysis of the individual AUs
(Skiendziel et al., 2019).

3.3.3. FaceReader output and data handling

Finally, Noldus FaceReader provides state logs and detailed logs as
export formats for further use (Harley et al., 2014; Skiendziel et al.,
2019; Ahn and Harley, 2020). Here, the detailed version contains frame-
by-frame information on the respective emotion intensity and the acti-
vated AUs (Skiendziel et al., 2019). Information on age, gender, and
ethnicity as well as valence and arousal is also output (Hadinejad et al.,
2019b). Furthermore, the dominant emotion in each case can be clas-
sified and taken from the resulting output (Skiendziel et al., 2019). The
log data can be imported into Excel, for example (Hadinejad et al.,
2019b).

The data can then be used to calculate the mean for the entire
stimulus (e.g., an advertisement, which is what was shown to the par-
ticipants) or f.e. every ten seconds (Breaban and Noussair, 2018) in
Excel. Such a total mean can be obtained for the emotions expressed,
arousal, and valence (Kline et al., 2017; Yu and Ko, 2017; Tuck et al.,
2017; Furley et al., 2019; Hadinejad et al., 2019a, 2019b; Hofling et al.,
2020, 2022; Zempelin et al., 2021; De Meulemeester et al., 2022; Kar-
reman et al., 2023), with Tuck et al. (2017) transforming this value to
improve the distribution square root in each case. Hofling et al. (2020,
2022) multiplied all the values of FaceReader by a factor of 100 to
improve their readability. Yu and Ko (2017) additionally used the SD.
Based on this procedure, a one-way ANOVA was conducted to test the
effects of the six basic emotions as well as neutral on different levels of
stimuli (Yu and Ko, 2017). Neomaniova et al. (2018) also worked with
averages, then drew on descriptive statistical methods alone for further
analysis (arithmetic mean, SD) to describe the overall impression but
also the time series per participant. Rutter et al. (2022) as well as Zhang
et al. (2023a, 2023b), on the other hand, analyzed only the mean
valence since only the overall emotional reaction was considered.
Additionally, they included the maximum intensity to identify the
strength of a specific emotion related to the stimulus. Neomaniova et al.
(2018) likewise only referred to valence values. Some authors use
average values for special events or reactions lasting some seconds to
check on changes while/after a stimuli (Noordewier and van Dijk, 2019;
Motro et al., 2021; Mitchell et al., 2022).

Talen and den Uyl (2022) further restricted the data to be included in
further analysis by focusing only on one emotion (anger) and filtering
and using only the average of the five seconds of the maximum emotion
score. Another approach is the sole use of the respective maximum value
of the corresponding emotion (Juodeikiene et al., 2014; Danner et al.,
2014; Bartkiene et al., 2019; Jiang et al., 2019; Shen et al., 2022).

Lewinski (2015) and Lewinski et al. (2014) used the global mean
average score of the top 10 % peak values for their analyses. For each
emotion, the values were sorted from lowest to highest and the relative
frequency of each score was calculated. Together with the cumulative
relative frequency of each subsequent score, the percentile distribution
was calculated (Lewinski et al., 2014). Further, all values below the 90th
percentile were removed for each participant so that the following an-
alyses applied to the top 10 % criterion. For these peak values, the
average was then calculated for each participant to identify the most
prominent emotions in combination with the frequency of occurrence
(Lewinski et al., 2014; Lewinski, 2015). As a counter-test, the calcula-
tions were also performed with 20 % and 100 % top peak values,
respectively, to establish whether the cut-off procedure affected the
results, although this could not be demonstrated (Lewinski et al., 2014).
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Terzis et al. (2013) also used a cut-off procedure, not via percentiles
but via a general cut per value at 0.5. Only expressions greater than 0.5
were included in the analyses, respectively. Several authors have noted
that the generated data were not normally distributed and accordingly
resorted to nonparametric statistical tests to answer further questions (e.
g. Lewinski et al., 2014; Rutter et al., 2022; Talen and den Uyl, 2022).

Moreover, FaceReader offers specific activated AUs. Thus, Hetland
etal. (2019) checked the results for specific AUs as a representation of an
emotion they were interested in. By assigning a numerical score to each
AU, the authors could transform the AU activation into ranks, which
were used for further analysis.

Although, as just shown, several authors have been transparent
about how the data were handled, it has not always been completely
clear how the FaceReader data outputs were further processed and used
(e.g., Yan et al., 2021). Accordingly, it is not clear what procedures, cut-
off criteria, selections, and the like were used. However, as has been
shown previously, there are different procedures for the intermediate
processing of the data.

3.3.4. Goodness and validity

Different versions of the FaceReader software have been considered
in the literature (Den Uyl and Van Kuilenburg, 2005; Juodeikiene et al.,
2014; Danner et al., 2014; Tuck et al., 2017; Furley et al., 2019;
Skiendziel et al., 2019; Neomaniova et al., 2019). Version 6.0 has been
reported to contain several improvements over the previous version
(Den Uyl and Van Kuilenburg, 2005). These relate to higher accuracy as
nearly 10 times the amount of key identification points on the face are
used, but speed has also been increased and robustness has been
improved as 3D rather than 2D face modeling is now used. In addition,
arousal and valence, based on Russell's (1980) Circumplex Model of
Affect, can only be used from this version onward.

The analyzed papers referred to other papers that have confirmed the
quality of the FaceReader application or tested it themselves. Different
data sets have been tested using FaceReader, with a success rate between
80 % and 90 % (Den Uyl and Van Kuilenburg, 2005; Skiendziel et al.,
2019), and thus FaceReader can be considered relatively accurate (Yu
and Ko, 2017). Since, in the conducted studies, such mappings by
humans achieved maximally equally good results (Den Uyl and Van
Kuilenburg, 2005; Skiendziel et al., 2019), it can be assumed that
FaceReader evaluations do not require any additional correction by
humans and even outperform humans in some cases (Lewinski, 2015;
Jiang et al., 2019). However, Skiendziel et al. (2019) noted that vali-
dations of version 7.0 are still sparse. They also showed that happy ex-
pressions were correctly recognized throughout but that fear in
particular could not be correctly assigned in almost half of the cases.
This can be explained by the fact that the AUs for fear and surprise are
very similar and can thus trigger incorrect assignments. These results
were also largely supported by the data of Brodny et al. (2016) and
Terzis et al. (2013).

Furthermore, it can be said that the agreement in the assignment
applies to the basic emotions in their entirety. The individual AUs are
partially better recognized by directly trained persons, with greater
reliability in direct comparison (Den Uyl and Van Kuilenburg, 2005). It
should also be noted that, in some cases, the emotions of women could
be assigned more accurately than those of men (Den Uyl and Van Kui-
lenburg, 2005). In addition, some results show that significantly higher
scores related to the intensity of emotions are present in women (Rutter
et al., 2022).

Some results (Neomaniova et al., 2018; Hadinejad et al., 2019b;
Lacroix et al., 2020; Talen and den Uyl, 2022; Rutter et al., 2022) also
indicated that primarily only neutral facial expressions could be detec-
ted and accordingly only low emotional intensity (arousal) was present.
At this point, post-hoc tests can be used to determine whether the
emotions were primarily positive or negative (Hadinejad et al., 2019b).
Primarily neutral scores may be due to the stimulus itself—this could be
familiar (e.g., in the case of video material) or fundamentally not trigger
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emotions (Neomaniova et al., 2018).

3.3.5. Limitations/limiting factors

It has been negatively noted in the literature that some subjects have
been informed about the recording or even the FaceReader analysis,
which can distort their emotions (Hadinejad et al., 2019a, 2019b), not to
mention the fact that facial expressions can also be biased by various
factors (Lewinski et al., 2014). Exaggerated expressions due to the
observation situation (Hadinejad et al., 2019b) or even a general
happier nature as well as reactions to the corresponding stimulus can
have an influencing effect. However, to reduce nervousness, for
example, subjects can first be given a small task, such as reading
something aloud, to induce relaxation (Yang et al., 2022).

In some cases, strong emotions cannot be detected (Danner et al.,
2014; Neomaniova et al., 2018; Hadinejad et al., 2019a; Ahn and Harley,
2020; Talen and den Uyl, 2022; Rutter et al., 2022). However, different
intensities of the stimulus can be tested here. Furthermore, it should be
noted that FaceReader cannot analyze complex emotions, only the six
basic emotions (as well as neutral) (Yu and Ko, 2017).

It should be noted that the emotions and facial expressions of East-
Asian participants cannot always be correctly assigned (Tsai et al.,
2016; Xu et al., 2018; Hadinejad et al., 2019b), although studies have
also been conducted with Asian target groups (Zhang et al., 2023a).
Accordingly, as with children, it should be weighed how useful it is to
study the target group with the FaceReader, despite the possible bias.

Many confounding factors have to be excluded, otherwise the video
quality can be strongly negatively affected or analyses cannot be per-
formed correctly. Even characteristics such beards, or bushy eyebrows
(Terzis et al., 2013) and especially wearing glasses (Hadinejad et al.,
2019b; Shen et al., 2022) can lead to distortions. The quality or general
usability of the video material can quickly be limited. Even uncon-
sciously touching the face, yawning or moving the face up and down
during recording can lead to the material having to be excluded from
further analysis (Xu et al., 2018; Noordewier and van Dijk, 2019; Ahn
and Harley, 2020; Shen et al., 2022; Rutter et al., 2022). The wrong
recording angle can also render the recording unusable (Lewinski,
2015). As limiting factors or ones that are mandatory to consider in
video footage generation, the literature has pointed to the variance and
quality of the footage, which are (negatively) influenced not only by
exposure but also the expression itself as well as the general placement/
pose (Den Uyl and Van Kuilenburg, 2005; Furley et al., 2019, 2021;
Hadinejad et al., 2019b).

If the recordings are made by subjects on site in a laboratory setting,
the quality of the video recording is better controlled (Jones and Hamby,
2023). However, this is also very time consuming and may result in a
smaller sample size, as in-person subjects are more costly due to their
longer required availability (which includes travel) and also due to the
increased travel effort and the required motivation to recruit in large
numbers is more difficult. Conversely, if subjects use their own webcam,
for example, many of the data may have to be deleted due to insufficient
video quality, but significantly larger samples are possible in a shorter
time (Talen and den Uyl, 2022). Additionally, there appears to be a high
dropout rate when subjects are asked to record themselves (Rutter et al.,
2022). A clear communication of the requirements (technical nature) as
well as the concrete procedure in advance could reduce this number.
Nevertheless, recordings in one's own home or a familiar environment
can have a positive impact on the reliability of the data if the tested
stimulus occurs naturally in this environment as well (such as adver-
tisements) (Terzis et al., 2013; Lewinski et al., 2014).

FaceReader uses only the algorithm underlying the software.
Enrichment by additional measurement methods (e.g., measurements by
electrodes on mimic muscles) is not possible in the direct combination
(Neomaniova et al., 2018). These additional measurements would have
to be analyzed separately and considered in combination. However, the
extent to which a mixed-methods approach would be possible depends
on the additional measurement methods.
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Furthermore, the graphical processing may lead to time losses.
Hadinejad et al. (2019a, 2019b) reported that videos longer than 1 min
are no longer automatically presented graphically as a chart of the
arousal and valence results. Accordingly, these must be created down-
stream by the user. Consequently, the longer the videos to be analyzed
are, the more data is generated. It should be noted here that this can also
entail a high level of post-processing effort. Authors report millions of
video frames to be analyzed (Jiang et al., 2019; Rodosky et al., 2023),
which have to be prepared and processed with a higher expenditure of
time (Hadinejad et al., 2019b).

As a general limitation, this software can be summarized as not
providing an absolute solution to the problem. The results are strongly
dependent on how well the technology is applied and the extent to
which suitable further combinations are available at the same time (e.g.,
analysis procedures, elimination of unsuitable values, supplementation
by further methods, etc.) (Neomaniova et al., 2018). The results are
more of explanatory as well as preliminary than causal nature (Ahn and
Harley, 2020) and cannot capture the cognitive process behind the
emotional expression (Zhang et al., 2023b).

4. Study 2
4.1. Methodology and sample

A further part of the study is carried out to answer the second part of
the research question. It is necessary to test the robustness and reliability
of various analysis methods for data generated by FaceReader 6.1. As
can be seen from the systematic literature review, authors have used a
wide variety of methods for the intermediate processing of data from the
FaceReader output (using f.e. mean or maximum values). Some authors
have not even shown how exactly they handled the data. Accordingly, it
is questionable whether the different approaches would lead to different
results at all or whether a selection of the data of the output is necessary.
Finally, it must be considered how comparable the results of different
methods will be and how reliable the results generated in this way will
be without further context. In this context, the aim is also to examine
how reliably people can base their management decisions, for example
regarding a business strategy or the implementation of a new informa-
tion system, on the results of FaceReader analysis based data in order to
achieve selected effects among their stakeholders.

For this purpose, data were collected in the form of video material to
be analyzed by the Noldus software. The data (video material) were
collected in a laboratory experiment over a period of 7 days. One subject
at a time was placed in front of the experimental laptop in a separate
room and received brief instructions before starting (e.g., no covering of
the face due to the video recording). Each respondent was introduced to
the topic of the experiment by a trained experimenter. The experimenter
captured the respondent's face via video recording as well as the screen
via screen recording with the respondent's consent and left the room.
The subjects then were given a small computer game to play for 60 s.
Meanwhile, the subject's face and the screen were filmed in parallel. The
wider context of the game was irrelevant here as this part only served to
collect general material for analysis by FaceReader. As can be seen from
the results of the previous SLR, the FaceReader data often show values
close to 0, since the neutral facial expression seems to dominate.
Accordingly, it does not seem reasonable for the set subject to trigger a
concrete extreme emotion in order to also keep the comparability and
generalization of the analysis data high. The game can basically trigger
different emotions such as surprise (since there is no context/reason for
playing the game), joy (through the entertainment of a game) or also
anger/sadness (within the game a tower of building blocks can be
destroyed).

For analysis, FaceReader version 6.1 was used and the material was
analyzed frame-by-frame with a 30-framerate. The data generated by
FaceReader should be further processed in the context of a between-
subjects design using Excel and IBM SPSS Statistics 27. The



E. Landmann

respondents were sampled from students and employees of a large
German university, balancing age and gender. Overall, 29 respondents
with a mean age of 31.52 years (SD = 7.98, min = 23, max = 62),
consisting of 62 % women, volunteered. The respondents primarily held
a Master's degree (55 %), a doctorate (17 %), or a high school diploma
(14 %). All the respondents completed the game. Thus, 29 videos of
approximately 60 s' length each were used as data input for the Noldus
FaceReader software. Using 30 frames per second, very detailed results
were obtained and finally exported to Excel.

4.2. Analysis of FaceReader data

According to the information filtered out by means of the systematic
literature review on possible procedures with the outputs of FaceReader,
the data generated from study 2 are used to compare the analysis pro-
cedures with each other. For this purpose, in the first step, as f.e. shown
in the work of Danner et al. (2014) and Juodeikiene et al. (2014), only
the maximum intensity is considered. For this purpose, the output of
each emotion (as well as for valence and arousal) was considered
separately for each subject, and the respective maximum value was
extracted across all frames and included in the comparison. For
comparability with the following procedures as well, all emotions as
well as the neutral state are considered and valence as well as arousal are
included. A graphical illustration can be found in Fig. 3. The results for
the emotion intensities (corresponding to different colors) are plotted
for each subject (numbering on the outermost ring).

In the second step, we work with the overall means since this is a very
common procedure in the processing of FaceReader data according to
the considered literature (Kline et al., 2017; Yu and Ko, 2017; Tuck et al.,
2017; Furley et al., 2019; Hadinejad et al., 2019b; Hofling et al., 2020,
2022; Zempelin et al., 2021). First, the mean is determined for each
subject per emotion as well as for valence and arousal. This is the overall
mean per emotion and per subject. The results are shown in Fig. 4
following the scheme above.

As the third method, we follow Terzis et al. (2013) and use a cut-off
criterion. Here, we also set the value 0.5 as a cut-off. Based on this, the
means per subject and emotion expression are determined with the
remaining values for each emotion as well as arousal and valence. The
graphical representation of the results can be seen in Fig. 5.

Finally, we assume the 10 % peak value. Here, we proceed in the
same way as Lewinski (2015) and Lewinski et al. (2014), sorting the data
per emotion from the smallest to the largest value and determining the
percentile distribution according to the 90th percentile. Those values
that lie below the 90th percentile are removed to include only the 10 %

e===Neutral
====Happy
e==Sad
Angry
e Surprised
e Scared
D isgusted
e Contempt
eV alence

e A rOUSAl

Fig. 3. Graphical output of the processed FaceReader data with maximum
values.

Note: numbers of outermost ring refer to each participant, numbers of inner
ring refer to intensity (max. value 1).
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Fig. 4. Graphical output of the processed FaceReader data with the overall
mean.

Note: numbers of outermost ring refer to each participant, numbers of inner
ring refer to intensity (max. value 1).
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Fig. 5. Graphical output of the processed FaceReader data with the 0.5 cut-off
criterion.

Note: numbers of outermost ring refer to each participant, numbers of inner
ring refer to intensity (max. value 1).

of the maximum values per expression in the further calculations. The
remaining values are used to form the average per emotion per partic-
ipant. The visualization of these values can be seen in Fig. 6.
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Fig. 6. Graphical output of the processed FaceReader data with the highest 10
% of data (corresponding to the 90th percentile).

Note: numbers of outermost ring refer to each participant, numbers of inner
ring refer to intensity (max. value 1).
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Table 1

Test statistics for the sign test.
Neutral Happy Sad Angry Surprised Scared Disgusted Contempt Valence Arousal
Mean—Cut-off z 2.600 5.199 5.199 5.199 5.103 5.103 5.199 5.199 5.199 1.486
Sig. 0.009 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.137
Mean—Percentile Z 5.199 4.347 4.457 4.725 4.347 4.725 4.457 4.457 5.199 2.228
Sig. 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.026
Mean—Maximum Z 5.199 5.199 5.199 5.199 5.103 5.103 5.199 5.199 5.199 5.199
Sig. 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Cut-off—Percentile Z 4.457 3.343 5.199 5.199 5.103 5.103 4.828 5.199 0.000 3.343
Sig. 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.000 1.000 0.001
Cut-off —Maximum Z 5.199 5.199 5.199 5.199 5.103 5.103 5.199 5.199 5.199 3.714
Sig. 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Percentile—Maximum Z 5.199 4.828 4.828 5.199 4.725 4.725 4.828 4.457 5.199 5.199
Sig. 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Note: Significance refers to asymptotical significance (two sided).

To check the extent to which the various methods and the results
obtained differ significantly, the results of the methods are compared
using the statistical software IBM SPSS Statistic 27. Since the values do
not follow a normal distribution and do not show the necessary visual
symmetry for a Wilcoxon test, the sign test is performed. Table 1 shows
the significances. It can clearly be seen that the results of all the pro-
cedures for each emotion as well as for valence and arousal differ
significantly from each other.

4.3. Results of FaceReader data analysis

The tests with IBM SPSS Statistics 27 clearly show that the results of
each emotion in each procedure differ significantly from each other.
Accordingly, the processing of the output has influenced the data to such
an extent that different results and, accordingly, interpretations or
conclusions could be drawn. Since the results are of a strongly significant
nature, it cannot be assumed that the results of the procedures will be
comparable in any way. Accordingly, the advantages and disadvantages
as well as the fit of the selected methods have to be weighed up in each
case according to the object of investigation to select a suitable or reli-
able method.

The consideration of the maximum intensity leads to visible results
but neglects all other data and thus distorts the result. It has to be
considered that the maximum value is an expression of the respective
emotion, which corresponds to only a fraction of a second, depending on
the selected frame rate to be analyzed. Accordingly, it is questionable
with this approach how representative the results are. If the experiment
is about determining whether a certain stimulus can trigger an extreme
burst of an emotion, this approach makes sense. Otherwise, the FaceR-
eader output can also be added to the statelogs, which documents the
dominant emotion in each case. If this is combined with results on the
maximum value, descriptive valid statements are possible depending on
the object of investigation.

Overall means provide good information about the average emotion
regarding the stimulus and have been widely used in the literature
analyzed (Yu and Ko, 2017; Kline et al., 2017; Tuck et al., 2017; Furley
et al., 2019; Hadinejad et al., 2019a; Hofling et al., 2020, 2022; Zem-
pelin et al., 2021). This procedure seems to make sense if the emotions
are to be considered in their entirety over the course of time. Without
narrowing down the data set, a reliable and representative result can be
obtained with this procedure. Thus, it is still possible to check whether
the respective emotions occur on a sustained basis or in the long term or
whether they only represent a selective spike. However, since the values
were often close to zero both within the data generated during the
present experiment and in some studies in the literature (Danner et al.,
2014; Neomaniova et al., 2018; Hadinejad et al., 2019a; Talen and den
Uyl, 2022; Rutter et al., 2022), mean values may also provide a biased
representation here. A combined consideration with SD may provide
interpretative value. Likewise, including valence and arousal can pro-
vide explanatory approaches for data analysis. An analysis of only one

emotion may be useful depending on the context. However, neglecting
the other emotions bears the risk of disregarding relevant further
influencing factors or combined (partly “opposite”) emotions and
drawing incomplete conclusions. Basically, it depends on the case (e.g.,
according to the selected intensity of the stimulus) whether consider-
ation of the overall means is sufficient. However, relevant deflections
can remain unnoticed in this form of analysis if they represent only a
short but a significant peak. Due to the other, often close to zero, values,
shorter deflections are relativized and calculated down by the average.
Thus, relevant information can be lost. Therefore, an approach in which
these strong peaks are considered in a focused way seems to make sense.

Based on this, a cut-off criterion can be defined. Following the
approach of Terzis et al. (2013), this was set at 0.5. A criticism of the
present data set is that valence cannot be considered since negative
values are excluded. Arousal is also distorted by this situation because
emotional activation is conditioned by the intensity of the individual
emotions. Each of them does not seem to be represented correctly with
such a hard cut-off criterion. Since, in the present investigation as well as
in other studies (Danner et al., 2014; Neomaniova et al., 2018; Hadi-
nejad et al., 2019b; Talen and den Uyl, 2022; Rutter et al., 2022), the
intensities, apart from neutral, often lie close to zero, these are neglec-
ted. Accordingly, the neutral condition is disproportionately weighted.
Reliable analyses of the results are therefore not possible due to the
strong imbalance. A fixed cut-off should only be set if justification for the
criterion can be given. However, the extent to which the individual
emotions would be adequately represented remains questionable.

The use of peak values seems to follow the previous method. Here, a
kind of cut-off criterion is calculated separately for each emotion using
the percentile distribution. In this way, all emotions are represented
equally. The extent to which different peaks (e.g., 10 % or 20 %) are
meaningful must be decided in the corresponding studies depending on
the context. It is to be questioned whether, and if so to which decimal
place, the individual values from the FaceReader output should be
rounded. This has considerable influence, especially in case of deter-
mining the relative frequencies of each value. All the values used in
study 2 are not rounded according to the continuous character to avoid
distortions. If rounded too generously, too dense a distribution is
created, which does not correspond to reality since the values are often
close to zero (Danner et al., 2014; Neomaniova et al., 2018; Hadinejad
et al., 2019b; Talen and den Uyl, 2022; Rutter et al., 2022), but strong
differences can be seen here with a larger number of decimal places.
Summarized, if the focus is on considering stronger emotion intensities,
because it is relevant, for example, whether a stimulus can trigger
certain emotions sufficiently strongly, a procedure using a percentile
distribution and the resulting top values is appropriate. This may also be
suitable if, for example, psychological effects such as the primacy or
recency effect are to be achieved (Rundus and Atkinson, 1970).
Concretely, this means that, if it is for example important to know which
emotion is started or ended, to detect punctual but meaningful
emotional swings occurring during a certain time period, a cleaning of
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the data set is important.

In summary, no best practice for data processing can be identified.
However, different procedures are more or less appropriate according to
the specific question to ensure representativeness as well as compara-
bility and reproducibility.

5. Conclusion and discussion
5.1. Summary of assistance and recommendations for action

The human face can provide a substantial amount of information.
Facial expressions are very diverse, which is why it is difficult even for
trained persons to assign them completely and correctly (Gu and Ji,
2004). Since a camera can continuously capture all changes occurring in
the face, it is beneficial to use established software such as Noldus
FaceReader to follow a dimensional and categorial approach to analyze
emotions.

In the scientific context, such software is increasingly used. However,
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there is no known uniform procedure for the preliminary consideration
and preparation of data acquisition. The studies of this paper showed
that there is no standard procedure for data collection, use of the soft-
ware, and further analysis and handling of the data obtained by
FaceReader. Nevertheless, some aspects can be derived that should be
included in the preliminary considerations for the use of FaceReader and
should be taken into account in the design and implementation of an
experimental setup with subsequent data evaluation and decisions
derived therefrom. For this purpose, the following checklist for the
preliminary considerations, planning, data generation level, and anal-
ysis was generated in summary as can be seen in Fig. 7. For this purpose,
the process of FaceReader use was considered in a total of eight steps,
beginning with the mere consideration of the use of this software and
ending with the processing of the data. The steps as well as the associ-
ated most important points to be considered and decisions to be made
result from the findings of the five main categories of the SLR (which are
also shown again on the left side of Fig. 7) and were enriched with the
findings from study 2.

limitations/limiting factors

2 £ - " i o

P Step 1: Preliminary consideration of the fit of the FaceReader application:

S =

§ E =  Noldus FaceReader is commercial professional software used for facial coding also for scientific purposes.

2 = =  FaceReader can generate information for six basic emotions as well as arousal and valence, which covers categorial and dimensional approach in one tool.
v

-

FaceReader output & data handling

data collection & preparation FaceReader analysis

Step 2: Check (technical) requirements: ]

If possible, use at least version 6 of FaceReader.
The camera that is used during the recording must be of sufficient quality (at least 640x480 pixel) to ensure that the video material is suitable for evaluation via
FaceReader.

Step 3: Sample design: ]

If the subject matter allows, it may be appropriate to exclude children or even all minors. Emotions from (East-)Asian people might not always be detected correctly.

Step 4: Experimental design:

A standardized laboratory setting is common. The ad: and disad of data generation in a laboratory setting compared with data generation (in terms of
video recordings) in a familiar environment (including MTurk) should be weighed against each other. It should be noted that emotions can be influenced and thus
distorted by various factors during the (conscious) recording of a video.

Video recordings and stimuli do not have to be limited in time.

Synchronous recordings (giving participants the same—comparable—tasks and stimuli—also according to the time of application, etc.) are advisable for later
analyses.

Step 5: Experimental procedure/data collection: ]

Subjects should be informed about the experimental purpose and sign a form of consent.

Participants should be asked to remove everything that might be distracting for video analysis (jewelry, hats, glasses, etc.) and to look straight into
thecamera/desktop/computer and not to cover their faces while recording; otherwise, this may distort the results or lead to the face not being recognized correctly.
Calibration of a neutral expression is often used.

Step 6: FaceReader analysis:

FaceReader can evaluate the quality of videos. Those videos with insufficient quality should be removed because the quality of the video material strongly
influences the quality and accuracy of the results.
Noldus's settings can be customized, but default settings are widely used.

Step 7: FaceReader output: ]

goodness & validity

Noldus FaceReader analysis offers as output the dominant emotion, valence, arousal, and information on age, gender, and ethnicity as well as frame-by-frame values
of the emotion intensity and the activated AUs—the latter cannot always be assigned accurately, which is why these results should be used cautiously.

The results often do not contain strong expressions of individual emotions but are close to 0 or are primarily neutral in nature—this can be counteracted, for
example, by applying different intensities of the stimuli or by subsequently scaling the data accordingly.

Not all emotions can be assigned equally well/with the same certainty: happiness can be recognized very well and reliably; fear, conversely, is sometimes confused
with surprise. Therefore, if it is precisely those emotions that are important, a further control i should be ir d

Step 8: FaceReader data processing:

There are different approaches to processing the data. Common approaches seem to be the formation of means or the focus on the strongest expressions of one or all
emotions, as well as the use of different cut-off criteria. The procedure suitable for the context of the study should be carried out and documented transparently.
Extreme approaches, such as the use of maximum values or hard, unfounded cut-off criteria, distort the results comparatively strongly or neglect large parts of the
data set, so the representativeness and transferability of the results and derivations generated in this way are questionable. However, if it is relevant for the
management decision which maximum emotion outburst is to be recorded, these procedures (in combination with descriptive interpretations) are useful.

By the use of overall means, all the data obtained are included. This procedure seems to make sense if the emotions are to be considered in their entirety over the
course of time. Relevant deflections can remain unnoticed in this form of analysis if they represent only a short but a significant peak.

For representing all emotions equally, a percentile distribution can be used before using means. This is especially sufficient, if the focus is on considering stronger

emotion intensities.

Fig. 7. Summary of assistance and recommendations for action.
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The preliminary considerations, preparation, including data acqui-
sition, and later data preparation as well as further processing show that
the use of FaceReader is very time intensive and partly requires a certain
basic understanding of statistics. Nevertheless, there are clear advan-
tages over other methods for measuring emotions (such as self-reports or
the use of psychological scales). Advantages are particularly recogniz-
able for practice and quick managerial decision-making processes since
FaceReader shows immediate reactions and processes emotions in their
entirety. In particular, since emotions occur unconsciously (Bagozzi
et al., 1999; Maison and Pawlowska, 2017), the use of this analysis tool
offers great potential for stakeholder research. When considering emo-
tions is relevant (see for example business strategy, information system
implementation, innovation research) FaceReader can be applied in a
wide variety of disciplines and settings and to various questions. When
information about people's behavior or concrete emotions is needed, the
results can provide added value. Accordingly, the research focus does
not have to be only on customers and their behavior, for example, but
rather any kind of stakeholder. In addition, the FaceReader settings are
customizable, so different depths of results can be served and used, from
very detailed analysis results (concrete activated AUs) to descriptive
listings of the dominant emotion (statelogs). Even if there is no capacity
for in-depth data preparation, for example in a company, visual results
(available via graphics) can be used for making management decisions.

Nevertheless, the variety of setting and analysis options bears the
danger of intransparency. Only if the settings made and the exact data
handling are described in publications is it possible to reproduce the
results or to classify them in general as a reader. However, according to
the results of the present paper, this is often not entirely the case. If no
such information is available, the reliability, but also the quality of the
FaceReader results should be critically questioned. This does not refer to
the FaceReader output itself, which delivers stable and reproducible
results, but to the data obtained from it, which still have to be processed
further. Thus, a standardized procedure is recommended for data gen-
eration, ideally according to a protocol, whereas the steps and consid-
erations to be taken as shown in Fig. 7 should serve as a first impulse,
based on current literature.

The categories of preliminary consideration for the fit of the
FaceReader application, check of (technical) requirements, sample
design, experimental design, experimental procedure/data collection,
FaceReader analysis, FaceReader output, and FaceReader data pro-
cessing do not claim to be complete. Nevertheless, they provide an initial
overview that can influence decision-making processes and consider-
ations regarding the use of FaceReader. The basis is formed by scientific
papers, which is why the main focus for the application of this list is on
further scientific approaches, but it does not exclude transferability to
practical applications.

5.2. Managerial and scientific implications

Implications for both science and practice can be derived from the
preceding study sections and results. Following the classification of
Kraus et al. (2022), various stakeholder groups can benefit from the
findings:

e Producers in the sense of potential authors can assess beforehand to
what extent the use of the FaceReader, including all preparatory,
editing, and post-processing steps, fits the research topic.
Evaluators, such as reviewers, can better evaluate, compare and
constructively assess the approaches and processing of the data
through transparent, uniform procedures.

Users, like new scientists or practitioners, such as managers, can use
existing results and transfer them to their own contexts and make
informed decisions about how to proceed.
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Looking at possible implications in more detail, FaceReader by
Noldus is an established tool used in many different research and
management areas. A wide variety of questions related to emotion
measurement can be addressed, since individual emotions, combined
basic emotions, as well as arousal and valence states can be detected.
The research question should already take into account whether a
dimensional, categorial or mixed approach should be followed. Never-
theless, due to the breadth of data collected and analyzable by Noldus
FaceReader, a certain flexibility is given to adapt the research question
in the course of the study. Also, a use in so far not yet documented fields
of application seems to be possible without difficulties, as far as infor-
mation related to dimensional or categorial approach of emotion mea-
surement are needed. However, the procedure requires the will of test
persons to be recorded and also the possibility, e.g., on the part of the
company or the research institution, to process the video material. If this
is feasible, the results can lead to well-founded management decisions in
general, since all the information relating to emotions is available
throughout. The preliminary considerations for research purposes are
very similar to practical applications.

Not to be neglected is that the use of FaceReader software is a cost-
benefit consideration. It is a paid software for which licenses can be
purchased. In addition to the cost of the software, cameras of sufficient
quality may need to be purchased. Personnel costs are also part of this
cost decision, because the methodology is time-consuming, especially
when used and prepared for the first time, but also in principle when
there are large amounts of data to be processed. The use of such software
is therefore also a management decision under cost-benefit consider-
ation. The target group to be considered is also a decision criterion, since
the use of the FaceReader software does not seem to make sense for all
groups of people (e.g., children). Thus, gaps in sampling possibilities
remain, and consequently limit the questions to be answered. It is
important to keep in mind that emotions are partly socially learned and
therefore culturally different. Accordingly, the complexity of the basic
topic of emotion measurement should not be underestimated; it is
important to know the background of the sample and to classify
emotional reactions interpretatively at the end and not to classify the
data alone as hard-fact and only truth.

The interpretive nature of data parts is also evident at other levels of
software use. There are several ways to use the FaceReader data. On the
one hand, a visual interpretation of the results is possible. For videos
under one minute in length, a graphical progression is already generated
by the FaceReader software itself. If the videos to be evaluated have a
longer playing time, this graphic must also be generated. A bundling of
the data as a preparatory step is thus often necessary. A graphical
evaluation has a purely interpretative character. Le., visual differences
can be pointed out and by combination with time stamps also possibly
assigned to certain causes. If, however, it is necessary to evaluate with
certainty whether, for example, stimulus A has a better effect than
stimulus B, the graphical interpretation would be too imprecise. The
FaceReader software, however, provides a data output that can also be
evaluated statistically and thus with regard to significance. A certain
statistical understanding is therefore necessary for the users of the
FaceReader software in order to be able to grasp both the correct pro-
cedures and the conclusions to be drawn.

Transparent communication of all steps of data preparation and
further processing is essential for analyses using FaceReader software, so
that readers of the research results without the necessary background
knowledge of this special methodology can make comparisons with
other studies and correctly classify the study results. It would therefore
be advisable to describe points such as FaceReader version, setting,
analysis frames, procedures for data preparation (mean, cut-off,
maximum values, ...) as well as procedures for data processing. Conse-
quently, this also results in implications for the users or readers of
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scientific output. Results that refer to FaceReader output should be read
critically. On the one hand, it is essential to check whether it is stated
transparently how the data of the FaceReader output are processed. On
the other hand, it should be questioned whether the chosen method is
useful in answering the research question. The use of maximum values
or a hard (unjustified) cut-off criterion should be considered particularly
critically. If an overall mean is used, a common procedure has been
chosen. Even though the results presented here do not show any sig-
nificance, this does not necessarily mean that the hypotheses should be
harshly rejected. An adjustment of the intensity of the stimulus or even
filtering according to maximum values corresponding to a percentile
distribution can produce clearer results if suitable for the context of the
investigation.

5.3. Limitations and future research

Although the results contribute to answering the research question,
this study suffers from some limitations. However, several of these can
be addressed in future research.

Previous emotion research has already established that negative
emotions can occur in greater intensity than positive emotions in certain
settings (such as discussion forums) (Haavisto and Sandberg, 2015).
Such a distinction, or how comparability can be obtained nevertheless,
was neither detected through the literature review nor elicited from the
data set. Possible correction or context dependency of this basic rela-
tionship should be considered in future research projects.

The use of FaceReader involves a residual risk (albeit a very small
one) of incorrect assignment of emotions (e.g., Langner et al., 2010)—
this also refers to the fact that it is not always possible to assign facial
expressions unambiguously to a dominant emotion. With regard to the
often high “neutral” values, it should be mentioned that it may not al-
ways be possible to distinguish boredom or frustration (McDaniel et al.,
2007b). A one-to-one classification of emotions is not always guaran-
teed, even with FaceReader. For example, disgust can sometimes be
confused with contempt or anger (Langner et al., 2010). Thus, if these
are core emotions that are to be elicited by means of FaceReader, closely
related emotions should be excluded as far as possible and the inter-
pretation of the results adjusted. The analyses in the second part of the
present paper refer solely to the data generated by Noldus FaceReader,
and no interpretation by another person was made. It should further be
noted that the output of FaceReader cannot be processed without
context and corresponding interpretation by another person (Zaman and
Shrimpton-Smith, 2006). The resulting potential for error (e.g., due to
misclassification or misinterpretation) was not considered in this study.

Furthermore, only basic emotions were investigated separately in the
studies conducted. In general, affective states cannot always be
considered independently but are mutually dependent (Russell, 1980). It
should additionally be noted that positive and negative emotions cannot
be considered as two opposite poles but rather as two independent
constructs (e.g., Zhao et al., 2018). As far as the author knows, there are
still no (digital/automated) possibilities to consider emotions in their
variety of combinations. The application of FaceReader and the result-
ing outputs are accordingly not usable for all emotional states but only
for the determination of the basic emotions.

Even though emotions often occur unconsciously on the face, they
are not free of bias in a laboratory setting (Bagozzi et al., 1999; Maison
and Pawlowska, 2017). For example, actions may be taken according to
social desirability. Furthermore, small swings in negative emotions and
especially anger are possible, which can be explained by the negative
connotation of these emotions (McDaniel et al., 2007b). Based on social
pressure as well as desirable and non-desirable emotions, negative ex-
pressions tend to be avoided (Ekman, 1973). Future research can use
upstream and downstream (qualitative) methods, for example, to
examine influencing factors such as acting according to social desir-
ability and establish connections to the FaceReader data.

In the present work, the focus was also placed on the FaceReader
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software from Noldus. However, there are many more facereader solu-
tions that are based on other training networks. Other settings or anal-
ysis options can arise with these. If a different facial recognition analysis
tool is used, it would be advisable to check beforehand which data basis
underlies that tool. Even for humans, it is an incredibly complex and
difficult task to process the information provided by faces, although we
need these signals constantly in interpersonal communication (Den Uyl
and Van Kuilenburg, 2005). Accordingly, it takes highly trained
personnel to code the images for the training data sets and match them
to the individual AUs and thus to the emotions. As facial expressions for
different emotions are learned in childhood, they are also culturally
dependent (Ekman et al., 1969). Therefore, larger and especially more
diverse data sets, based on which facereader software “learns” to
recognize emotions, lead to greater validity and should be included. It is
not completely transparent which data sets the individual versions of
Noldus FaceReader are based on, which is why a best-practice approach
cannot safely be assumed here.

A particular limiting factor is the ability of the FaceReader software
to analyze only one face at a time and to be dependent on a certain angle
of inclination of the head. Especially when studying interactions
(human-human or human-computer interaction), it is not always
possible to look rigidly at the screen or toward the camera, which is
necessary for the analysis. In addition, the acquired data are, as already
mentioned, context dependent. This context is, especially in in-
teractions, dependent on the second interacting party and possibly also
their emotions as a reaction to the interaction partner. Such interactions
could not be considered at all in the present analysis or by Noldus
FaceReader so far. Dialogue-based solutions such as Mataono, which can
analyze two interlocutors simultaneously in the course of a conversation
(Mataono GmbH, 2023), could close this gap. It is important to consider
the extent to which context dependency through the emotions of a
second person is essential for scientific questions or the extent to which
this can also be achieved accurately through the mere interpretation of
an objective third party.

Further methods, which can be used for the recognition of emotions
in a broader sense or which can enrich the results of FaceReader, and
which accordingly further consolidate the basis for informed manage-
ment decisions, were not considered. Possible methods are eye tracking,
EEG, and electrodermal response registration, which are already part-
wise used in different fields like information systems or business ad-
ministrations. Accordingly, a further systematic literature review can be
conducted to consider these additional methods and provide informa-
tion about the previous combined use. In conclusion, it can be said that
FaceReader is a good tool for measuring emotions, in terms of making
informed management decisions, which is being further developed
through constant updates and new versions. Together with other mea-
surement methods in a multimethod approach, the validity of the results
can be further strengthened.
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recordings are excluded from dissemination to third parties. Information
on the specific experimental setup for reproducing the experimental
setting can be requested from the author.

Table AI-1
Overview of all final used papers within the scope of SLR.

No Author(s) Publication Title Journal Vol. Page(s) Data base
year (no.)
1 Ahn, B. “Tony”, & Harley, J. M. 2020 Facial expressions when learning with British Journal of 51(5) 1563-1576 Academic Search
a Queer History App: Application of Educational Technology Elite
the Control Value Theory of
Achievement Emotions
2 Bartkiene, E., Steibliene, V., 2019 Factors Affecting Consumer Food BioMed Research 1-10 / Academic Search
Adomaitiene, V., Juodeikiene, Preferences: Food Taste and International Elite
G., Cernauskas, D., Lele, V., Depression-Based Evoked Emotional
Klupsaite, D., Zadeike, D., Expressions with the Use of Face
Jarutiene, L., & Guiné, R. P. F. Reading Technology
3 Bekendam, M. T., Kop, W. J., 2021 Facial Expressions of Emotions During International Journal of 28(6) 692-704 Academic Search
Vermeltfoort, I. A. C., Pharmacological and Exercise Stress Behavioral Medicine Elite
Widdershoven, J. W., & Testing: The Role of Myocardial
Mommersteeg, P. M. C. Ischemia and Cardiac Symptoms
4 Breaban, A., & Noussair, C. N. 2018 Emotional State and Market Behavior =~ Review of Finance 22(1) 279-309 Business Source
Complete
5 Brodny, G., Kotakowska, A., 2016 Comparison of selected off-the-shelf 9th International Conference  / 397-404 /
Landowska, A., Szwoch, M., solutions for emotion recognition on Human System
Szwoch, W., & Wrébel, M. R. based on facial expressions Interactions (HSI)
6 Biidenbender, B., Hofling, T. T. 2023 Training machine learning algorithms ~ PLoS ONE 16(2) 1-16 Academic Search
A., Gerdes, A. B. M., & Alpers, G. for automatic facial coding: The role Elite
Ww. of emotional facial expressions'
prototypicality
7 Coles, N. A., Gaertner, L., 2023 Fact or artifact? Demand Journal of Personality and 124 287-310 APA PsycArticles
Frohlich, B., Larsen, J. T., & characteristics and participants' Social Psychology (@3]
Basnight-Brown, D. M. beliefs can moderate, but do not fully
account for, the effects of facial
feedback on emotional experience
8 Danner, L., Sidorkina, L., Joechl, 2014 Make a face! Implicit and explicit Food Quality & Preference 32 167-172 Academic Search
M., & Duerrschmid, K. measurement of facial expressions (Part Elite
elicited by orange juices using face B)
reading technology
9 De Meulemeester, C., Lowyck, 2022 Do my emotions show or not? Personality Disorders: 13(3) 288-299 APA PsycArticles
B., Boets, B., Van der Donck, S., Problems with transparency Theory, Research, and
& Luyten, P. estimation in women with borderline  Treatment
personality disorder features
10 de Wijk, R. A., He, W., Mensink, 2014 ANS Responses and Facial Expressions PLoS ONE 9(4) 19 Academic Search
M. G. J., Verhoeven, R. H. G., & Differentiate between the Taste of Elite
de Graaf, C. Commercial Breakfast Drinks
11  Den Uyl, M. J., & Van 2005 The FaceReader: Online facial Proceedings of measuring 30(2) 589-590 /
Kuilenburg, H. expression recognition behavior
12 Eimontaite, I, Gwilt, I, 2019 Language-free graphical signage International Journal of 100 55-73 Academic Search
Cameron, D., Aitken, J. M., improves human performance and Advanced Manufacturing 1-4) Elite
Rolph, J., Mokaram, S., & Law, reduces anxiety when working Technology
J. collaboratively with robots
13 Fiala, L., & Noussair, C. N. 2017 Charitable Giving, Emotions, And The Economic Inquiry 55(4) 1792-1812 Academic Search
Default Effect Elite
14 Furley, P., Klingner, F., & 2021 Nonverbal pre-performance Scientific Reports 11(1) 20,147 /
Memmert, D. expressions of professional darts
players distinguish between good and
poor performance
15  Furley, P, Kohlhaas, S., Englert, 2019 The expression of ego depletion: Thin  Social Psychology 50 305-321 APA PsycArticles
C., Nieuwenhuys, A., & slices of nonverbal behavior as cues to (5-6)
Bertrams, A. momentary self-control capacity
16 Gupta, T., Haase, C. M., Strauss, 2022 Alterations in facial expressions of Emotion 22(4) 714-724 APA PsycArticles
G. P., Cohen, A. S., Ricard, J. R., emotion: Determining the promise of
& Mittal, V. A. ultrathin slicing approaches and
comparing human and automated
coding methods in psychosis risk
17 Hadinejad, A., Moyle, B. D., 2019 Physiological and self-report methods Tourism Recreation 44(4) 466-478 /
Kralj, A., & Scott, N. to the measurement of emotion in Research
tourism
18 Hadinejad, A., Moyle, B. D., 2019 Emotional responses to tourism Tourism Recreation 44(1) 131-135 /

Scott, N, & Kralj, A.

advertisements: The application of
FaceReaderTM
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No Author(s) Publication Title Journal Vol. Page(s) Data base
year (no.)
19  Harley, J. M., Bouchet, F., 2015 A multi-componential analysis of Computers in Human 48 615-625 /
Hussain, M. S., Azevedo, R., & emotions during complex learning Behavior
Calvo, R. with an intelligent multi-agent system
20  Hetland, A., Kjelstrup, E., 2019 The thrill of speedy descents: A pilot Frontiers in psychology, 10 566 / /
Mittner, M., & Vittersg, J. study on differences in facially
expressed online emotions and
retrospective measures of emotions
during a downhill mountain-bike
descent
21 Hofling, T. T. A., Alpers, G. W., 2022 What's in a face: Automatic facial PLoS ONE 17(3) 1-16 Academic Search
Biidenbender, B., Fohl, U., & coding of untrained study participants Elite
Gerdes, A. B. M. compared to standardized inventories
22 Hofling, T. T. A., Alpers, G. W., 2021 Automatic facial coding versus Cognition & Emotion 35(5) 874-889 Business Source
Gerdes, A. B. M., & Fohl, U. electromyography of mimicked, Complete
passive, and inhibited facial response
to emotional faces
23 Hu, C. S., Huang, J., Ferrari, M., 2019 Sadder but wiser: Emotional reactions International Journal of 54(6) 791-799 Academic Search
Wang, Q., Xie, D., & Zhang, H. and wisdom in a simulated suicide Psychology Elite
intervention
24  Jiang, L., Yin, D., & Liu, D. 2019 Can Joy Buy You Money? The Impact  Academy of Management 62(6) 1848-1871 Business Source
of the Strength, Duration, and Phases ~ Journal Complete
of an Entrepreneur's Peak Displayed
Joy on Funding Performance
25  Jones, N., & Hamby, A. 2023 It's Written on Your Face: How Journal of Advertising 1-10 / Business Source
Emotional Variation in Super Bowl Complete
Advertisements Influences Ad Liking
26  Juodeikiene, G., Basinskiene, L., 2014 The use of face reading technology to  Proceedings of the 9th Baltic ~ / 276-279 /
Vidmantiene, D., Klupsaite, D., predict consumer acceptance of Conference on Food Science
& Bartkiene, E. confectionery products and Technology “Food for
Consumer Well-Being”
27  Karreman, A., Starmans, M. P. 2023 Maternal depressive symptoms and Journal of Family / / APA PsycArticles
R., & Riem, M. M. E. affective responses to infant crying Psychology
and laughing
28 Kline, J. A., Neumann, D., Hall, 2017 Role of physician perception of Emergency Medical Journal 34(2) 82-88 CINAHL
C. L., & Capito, J. patient smile on pretest probability (EMJ)
assessment for acute pulmonary
embolism
29  Lacroix, C., Rajaobelina, L., & 2020 Impact of perceived experiential International Journal of 38(6) 1237-1258  Business Source
St-Onge, A. advertising on customers' responses: A Bank Marketing Complete
multi-method approach
30 Lavallee, A., Pham, Thierry. H., 2022 Monitoring the emotional facial PLoS ONE 17(6) 1-15 Academic Search
Gandolphe, M.-C., Saloppé, X., reactions of individuals with Elite
Ott, L., & Nandrino, J.-L. antisocial personality disorder during
the retrieval of self-defining memories
31 Leppanen, J., Dapelo, M. M., 2017 Computerised analysis of facial PLoS ONE 12(6) 1-13 Academic Search
Davies, H., Lang, K., Treasure, emotion expression in eating Elite
J., & Tchanturia, K. disorders
32  Lewinski, P. 2015 Don't look blank, happy, or sad: Journal of Neuroscience, 8(4) 241-249 APA PsycArticles
Patterns of facial expressions of Psychology, and Economics
speakers in banks' YouTube videos
predict video's popularity over time
33 Lewinski, P., den Uyl, T. M., & 2014 Automated facial coding: Validation Journal of Neuroscience, 7(4) 227-236 APA PsycArticles
Butler, C. of basic emotions and FACS AUs in Psychology, and Economics
FaceReader
34 Lewinski, P., Fransen, M. L., & 2014 Predicting advertising effectiveness Journal of Neuroscience, 7(1) 1-14 APA PsycArticles
Tan, E. S. H. by facial expressions in response to Psychology, and Economics
amusing persuasive stimuli
35  Lewinski, P., Trzaskowski, J., & 2016 Face and Emotion Recognition on Psychology & Marketing 33(9) 729-746 Communication &
Luzak, J. Commercial Property under EU Data Mass Media
Protection Law Complete
36 Ling, A., George, N., Shiv, B., & 2023 Altering experienced utility by Emotion / / APA PsycArticles
Plassmann, H. incidental affect: The interplay of
valence and arousal in incidental
affect infusion processes
37 Mitchell, B. J., Balikos, Y., Seah, 2022 Does past military experience impact Psychological Trauma: / / APA PsycArticles
T. H. S., Delahanty, D. L., & fear reactivity in active-duty Theory, Research, Practice,
Coifman, K. G. firefighters? Well, it is complicated and Policy
38 Motro, D., Comer, D. R., & 2021 Examining the effects of negative Journal of Business & 36(3) 367-382 Business Source
Lenaghan, J. A. performance feedback: The roles of Psychology Complete
sadness, feedback self-efficacy, and
grit
39 Moulds, D. J., Meyer, J., 2023 Exploring effects of response biases in PLoS ONE 18(5) 1-18 Academic Search
McLean, J. F., & Kempe, V. affect induction procedures Elite
40 Namba, S., Sato, W., Osumi, M., 2021 Assessing Automated Facial Action Sensors 21 4222
& Shimokawa, K. Unit Detection Systems for Analyzing 12)
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No Author(s) Publication Title Journal Vol. Page(s) Data base
year (no.)
Cross-Domain Facial Expression
Databases
41 Neomaniova, K., Bercik, J., & 2018 Dissonance of selected neuroscience Acta Universitatis 66(4) 969-977 Academic Search
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