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Automated emotion recognition in marketing research: A systematic

literature review of current image and video-based methods

Abstract

This study reviews the recent literature on Automated Emotion Recognition (AER),
focusing on image and video-based methods applied in marketing research. The literature
overview highlights the transformative potential of AER, including real-time, unobtrusive,
and scalable applications. It identifies key tools, including Noldus' FaceReader and iMotions'
Facial Expression Analysis, as significant contributors to insights in diverse contexts such as
e-commerce, social media, and online platforms. The analysis also addresses theoretical
challenges, such as the limitations of Ekman's basic emotion theory and the contextual
dependence of facial expressions. Practical recommendations for AER use include
incorporating multimodal approaches and ensuring cultural and contextual inclusivity in

training datasets. Thus, the current work advances the discourse on leveraging AER for

refined marketing strategies.

Keywords: Automated Emotion Recognition (AER), Marketing research, Basic emotions,
Facial emotion recognition, Systematic literature review (SLR)

JEL Classification: M31, M37



1. Introduction

Understanding consumer emotions can be a powerful tool for marketers, shaping
perceptions, behaviors, and purchase decisions (Bagozzi et al., 2020). The study of
consumers' emotional responses to marketing stimuli has long been a key focus, particularly
in today’s digital landscape. On the internet, consumers tend to process images before text
(Lindgaard et al., 2006), making visual elements crucial for capturing attention and fostering
emotional engagement. The dynamic nature of these environments further amplifies this
importance.

Traditional methods to capture emotions like surveys often fail, but advancements in
Automatic Emotion Recognition (AER) offer new possibilities. However, its application in
marketing research remains complex, with diverse methods and goals that leave marketers
uncertain about which approaches or software solutions to apply to specific management
challenges.

To address this complexity, this study conducts a systematic literature review (SLR) to
explore how image—and video-based AER methods have recently been applied in marketing
research. The findings are discussed alongside decision aids and a summary of available
software solutions. The study concludes with actionable recommendations for overcoming
current challenges, maximizing AER’s potential as a marketing research tool, and exploring

overlooked avenues for future research.



2. Theoretical Background

2.1 The way of emotion theories to AER

Emotions are rapid affective reactions triggered by external stimuli or internal thoughts
(Bagozzi et al., 1999). These reactions occur instantly without prior cognitive processing
(Zajonc, 1980) and manifest physically through facial expressions, voice, and body language
(Mehrabian, 2017). Theories like discrete vs. dimensional emotion models (Fernandez-
Abascal et al., 2010) explore how emotions are categorized. Ekman et al.’s (1982) model,
grounded in evolutionary theory, identified six basic emotions: anger, fear, joy, sadness,
disgust, and surprise, each with a specific and unambiguous form of facial expression
(Fernandez-Abascal et al., 2010). Alternatively, Lang et al. (1990) proposed two bipolar
dimensions: valence and arousal. Specifically, affective valence refers to whether a stimulus
is perceived as pleasant or unpleasant, ranging from negative (e.g., sad) to positive (e.g.,
happy), while arousal, sometimes called intensity, measures the impact of the stimulus on the
person, ranging from low (e.g., calm) to high (e.g., surprise) (Watson & Tellegen, 1985).
These dimensions are usually used to classify the different emotions, as seen in the
circumplex model (Posner et al., 2005; Watson & Tellegen, 1985). Figure 1 illustrates an

example.



Figure 1

Circumplex model for valence and arousal
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Note: Adapted from the circumplex model of affect (Posner et al., 2005).

Building primarily on these theories, numerous methods for emotion recognition have

been developed, from self-report measures (e.g., the Positive and Negative Affect Schedule

by Watson et al. (1988), the manual Facial Action Coding System (FACS) (e.g., Paul Ekman

& Friesen, 1978), to more advanced methods like Electroencephalography (EEG). However,

these methods face limitations in real-time, non-intrusive emotion detection. AER overcomes

these challenges using Machine Learning (ML) and Deep Learning (DL), enhancing

consumer insights (Khare et al., 2024).

Image and video-based AER involves mainly seven steps of processing (Khare et al., 2024):

(1) source (images/videos), (2) stimuli (scenarios), (3) input signals (raw data), (4) feature

extraction (representative attributes), (5) feature selection (e.g., via Lasso regression), (6)



classification (ML/DL), and (7) model evaluation (e.g., accuracy, recall, or specificity).!
Automation mainly occurs in classification, where algorithms analyze large datasets to
identify emotional patterns. The extracted features are then classified into emotional
categories, such as basic emotions or emotional dimensions like valence, arousal, and

dominance (Wang et al., 2022).

2.2 AER through facial expressions

Facial expression analysis detects emotional states through facial movements and
configurations (Paul Ekman & Friesen, 1978), using tools like FACS to identify Action Units
(AUs). Common facial expression datasets include JAFFE (Lyons et al., 1998) and AffectNet
(Mollahosseini et al., 2017)>.

Several commercial software programs, such as Noldus' FaceReader (2024), analyze
over 500 facial points to classify eight emotions (joy, sadness, anger, surprise, fear, disgust,
contempt, and neutral), along with arousal and valence levels (Lewinski et al., 2014).
AFFDEX by Affectiva (2023) detects seven emotions: anger, disgust, fear, joy, sadness,
surprise, and contempt (Stockli et al., 2018), while Realeyes (2024) analyzes AUs and detects
the seven properties smile, surprise, frown, disgust, fear, contempt, and empathy (McDuff et
al., 2016). iMotions' Facial Expression Analysis software combines technologies from

Aftectiva and Realeyes, detecting 20 AUs and classifying into the seven emotions joy, anger,

! We will not dwell deeper on these techniques since we aim to provide a non-technical hitchhiker’s guide to AER in
marketing research.
2 Wang et al. (2022) provide a facial expression datasets overview.
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disgust, surprise, fear, sadness, and contempt (iMotions, 2025).

Other tools include Google’s Cloud Vision API, which provides probabilities for
emotions (joy, sadness, anger, surprise) (Google, 2025), and Microsoft Azure (2023) Face
API, which detects multiple faces and generates continuous scores for emotions (Yazdani et
al., 2024). However, Microsoft withdrew Face API from the market in 2023 due to concerns
about accuracy and discrimination (Microsoft, 2023). Further widely used tools include
OpenFace (Baltrusaitis et al., 2016), MorphCast (Morphcast Inc., 2025) , Face++ (Beijing
Kuangshi Technology Co.,Ltd., 2017), Py-Feat (Cheong et al., 2023), and Deepface (Taigman
et al., 2014). Most of these programs are constantly being optimized, expanding their

applications across various industries.

2.3 AER through body gestures and image features

In addition to facial expression analysis, emotion can also be recognized through body
gestures and image features. Body gestures, including hand movements and posture, help
detect emotions by analyzing movement sequences (Noroozi et al., 2018). Image features,
inspired by psychology and art theory, extract visual characteristics like color and brightness

to identify emotions (Machajdik & Hanbury, 2010).

2.4 Recent AER Review Studies

The growing interest in AER has led to a series of recent reviews on the subject,
summarized in Table 1. However, as highlighted in the table, not all reviews have followed
the PRISMA 2020 guidelines. Additionally, there is a clear gap in recent reviews specifically

focusing on applying AER in marketing research.



Table 1

Recent AER literature overview by main characteristics

Author Modality Context PI,USMA

Text Speech Visual Physiological guidelines
Khare et al. (2024) X v v X General v
Adyapady and Annappa (2023) x X v X General X
Ba and Hu (2023) X X X v Education v
Kamble and Sengupta (2023) X X X v General X
Singh and Goel (2022) X v X X General v
Hasnul et al. (2021) X X X v Healthcare X
Zhang et al. (2020) v v v v General X
Bota et al. (2019) X X X v General X
Present article X X v X Marketing v

The following section outlines the methodology employed in the present SLR, which sets out
to close the identified gaps. From the 2,173 articles identified, 17 studies that employed
image and video-based AER methods were ultimately included and analyzed to highlight

fields of application.

3 Method

The review process includes three key stages following the PRISMA 2020 guidelines
(Page et al., 2021): identifying, filtering, and including relevant articles. We considered AER
applications beyond images and video stimuli, providing a comprehensive overview of its

popularity, focusing on different modalities.

3.1 Search process

This SLR employed search criteria focusing on articles from 2019 to 2024 published in A or

A+-ranked marketing journals (German Academic Association, 2024). This ranking highly



correlates with other journal rankings worldwide (Hult et al., 2009). We additionally include
other Top-tier journals like the Journal of Retailing and Consumer Services. Only empirical
articles were considered. To ensure comprehensive coverage, a broad set of keywords was
used to create search queries, including both single-line searches and searches with specific
keywords enclosed in quotation marks (“”’). The single-line search used the following logic:
("Emotion" OR "Emotions") AND ("Software"” OR "Recognition” OR "Measurement" OR
"Detection” OR "Automation") AND ("Video" OR "Text" OR "Speech" OR "Pictures" OR
"Photo" OR "Facial expression" OR "Audio"” OR "Voice" OR "Webcam" OR "Face").

This aimed to identify studies on emotions and physical AER modalities like text,
speech, or visuals. Additionally, specific software tools for AER were included to capture
relevant articles referencing these programs, using the following logic as a specific keyword
search:

“WordNet”; “text2emotion”; “Nemesysco - QA5 software”; “OpenEAR”; “Microsoft Face
API”; “Azure Face API”; “OpenFace”; “Luxand FaceSDK”; “FaceReader”; “Evaluative
Lexicon”; “MorphCast”; “EmoReact”; “Adobe Audition”; “iMotions”; “OpenCV”’;

“Deepface”.’

3.2 Identification

The identification process involved applying search criteria across multiple databases,

including EBSCO (Business Source Premier), JSTOR, Nature Portfolio, ProQuest, Sage

3 This set of software solutions resulted from a discussion with two renowned experts.
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Journals, Science Direct, Scopus, Springer, and Google Scholar. A total of N = 2,173 articles
were retrieved, and after removing duplicates (N = 285), the screening included N = 1,888

articles.

3.3 Screening

In the screening phase, articles were reviewed, and those without empirical AER
methodologies using image, video, text, or speech were excluded, reducing the total from
N = 1,888 articles to N = 103 articles. Among these, N = 68 articles employed AER via text,
N =9 via speech, and N = 26 via image or video. The remainder of this article focuses on
AER based on image and video due to their previously highlighted relevance in marketing on
digital platforms. As a result, N = 77 articles were excluded from further consideration,

leaving N = 26 articles.

Figure 2 shows the resulting PRISMA flow diagram. An additional data repository in the
Open Science Framework also includes detailed information on all the retrieved articles
(Bohorquez Camacho et al., 2025). This includes articles drawing on AER methods not
focused on here (e.g., AER from audio stimuli), which might guide other researchers in the

future.

3.4 Included

Among the 26 articles assessed, N =9 articles were excluded. Two articles (Dzyabura &
Peres, 2021; Kanuri et al., 2024) used image and video-based AER software but did not focus
on emotions. Four articles addressed emotions in non-marketing contexts (Hickman et al.,
2022; Luo et al., 2024; Serra-Garcia & Gneezy, 2021; Y. Zhou et al., 2020). Studies, where

software generated emotions (Friesen et al., 2019) or lacked transparent facial expression
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analysis methodology (e.g., Hamelin et al., 2020), were also excluded. Lastly, we excluded

Zwebner and Schrift (2020) due to a lack of valid results.

Figure 2
PRISMA flow diagram
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4 Results

4.1 Results overview

Table 2 summarizes the final articles. Researchers applied AER to analyze consumers’

reactions and marketing stimuli (e.g., advertisements).

Table 2
Articles included by method and source of emotions
Emotion Recognition Source of ) ]
. Photo Video Sample Size Journal
Method Emotions
Noldus FaceReader
Huang and Pricer (2024)
Consumer Vv Study 4 (N = 66 consumers) Int J Res Mark
(Study 4)
. Marketing N = 1,460 entrepreneurial
Jiang et al. (2019) o v . . Acad of Manage J
stimuli projects videos
Krause and Franke (2024) Study 2 (N = 62 consumers);
Consumer v J Mark
(Study 2 and 3) Study 3 (N = 132 consumers)
] Study 2 (N =91 consumers); )
Ladeira et al. (2023) Consumer v J Retail Consum Serv

Study 3 (N =41 consumers)

Google Cloud Vision API
Study 1 (N =4,537 images);

] ] Marketing )
Li and Xie (2019) i v Study 2 (N = 1,660 images); J Mark Res
stimuli
Study 3 (N = 2,044 images)
iMotions
Hodges and Chen (2022)
Consumer v Study 3 (N =170 consumers) J Consum Res
(Study 3)
Smith and Rose (2020)
Consumer v Study 1 (N=113 consumers) IntJ Res Mark
(Study 1)
Friedmann et al. (2024)  Consumer v N =74 consumers J Retail Consum Serv
Microsoft Azure
Lee (2021) (Study 1b and Marketing Study 1b (N = 36,967 images);
o v . J Mark Res
I¢) stimuli Study 1c (N =61,519 images)
Marketing .
Momtaz (2021) L N N =50 CEO profiles Strategic Manage J
stimuli
Yazdani et al. (2024) Marketing ) )
L v N = 6,189 projects J Acad Market Sci
(Study 1) stimuli
Marketing Study 1 (N =771 videos);
Zhou et al. (2021) o v . J Mark Res
stimuli Study 2 (N = 1,127 videos)
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Emotion Recognition Source of

) Photo Video Sample Size Journal
Method Emotions
Marketing ) )
Chuah and Yu (2021) o v N =223 images J Retail Consum Serv
stimuli
Py-Feat
Marketing ) )
Yu et al. (2024) o v N = 1,028 images J Retail Consum Serv
stimuli
Face++
Marketing o )
Zhang et al. (2024) o v N = 1,240 property listings J Retail Consum Serv
stimuli
Custom ML model
) Marketing )
Bharadwaj et al. (2022) L v N=99,451 sales pitches J Mark
stimuli
Study 1 (N = 1,040 images);
Marketing y I ges)

Matz et al. (2019) il v Study 2 (N = 60 images); J Consum Psychol
stimuli
Study 3 (N = 69 images)

It becomes clear that studies using AER for facial expression analysis of consumers
primarily relied on real-time video sources. Among other domains, AER was applied across
diverse contexts, including social media (e.g. Lee, 2021), crowdfunding platforms (e.g. Jiang
et al., 2019), live stream retail (Bharadwaj et al., 2022), video conferencing (Huang & Pricer,
2024), Initial Coin Offering (ICO) platforms (Momtaz, 2021), e-commerce (Krause &
Franke, 2024), education (M. Zhou et al., 2021), and direct messaging (Smith & Rose, 2020).
Research settings included lab (e.g., Krause & Franke, 2024) and field studies (e.g., Yazdani
et al., 2024). As researchers implemented a broad range of AER tools, we discuss the main

findings sorted by employed tools.

4.2 Noldus FaceReader

Krause and Franke (2024) used Noldus's FaceReader to track consumers during real-time
product customization. Initially, participants experienced a positive emotional state, reflecting

high expectations. However, once the process began, a shift towards a negative emotional
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state was observed, with participants showing frustration as the process turned out to be less
enjoyable than anticipated, leading many to abandon the customization. Those who overcame
this critical point exhibited a positive emotional state, confirming the value of self-designed
products. The authors described this phenomenon as a "U-shaped valence curve" and
suggested social feedback to reduce frustration.

Similarly, Huang and Pricer (2024) analyzed social appearance anxiety during video
calls, focusing on the mediating role of anxiety and the moderating role of webcam mode. By
tracking real-time facial expressions of fear, they found that participants with active webcams
exhibited higher anxiety levels and were more likely to enroll in self-enhancement programs.
This effect extended to various products, including self-image enhancement apps, gym
memberships, facial retouching tools, non-invasive cosmetic procedures, educational
services, and health products.

Likewise, Ladeira et al. (2023) analyzed how disorganized store displays could evoke
emotions like surprise and influence consumer behavior. Contrary to traditional beliefs, they
found that disorganization can evoke curiosity and surprise. Additionally, disorganized
displays could trigger positive emotional responses, such as joy and arousal, thus increasing
purchase intentions.

Moreover, Jiang et al. (2019) examined the impact of joy in entrepreneurial funding
pitches on Kickstarter. They measured the duration of "peak displayed joy”, which is
positively correlated to funding success. However, an inverted U-shaped relationship

emerged, with the highest funding amount achieved when joy emerged for about 2.5 seconds.
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In contrast, prolonged peak joy level negatively affected the funding amount, suggesting that

duration, rather than intensity, of joy may trigger a “too much of a good thing” phenomenon.

4.3 iMotions

Hodges and Chen (2022) used the iMotions program, combined with Affectiva's
AFFDEX, to analyze how numerical ability and processing fluency influence consumer
response to prices ending in .99. By analyzing real-time facial expressions, they found that
consumers with higher numerical ability experienced less anxiety, processed price endings
faster, and showed greater purchase intention for .99 pricing.

Friedmann et al. (2024) analyzed consumers' reactions to discriminatory brand
advertisements in the real estate industry. They analyzed facial expressions linked to
emotional arousal and stress. The results showed that discriminatory ads, particularly among
socially discriminated groups, triggered stress, revealing both immediate emotional
discomfort and long-term stress in affected consumers.

Similarly, Smith and Rose (2020) studied unconscious affective responses and the impact
of emojis, specifically the smiling emoji “© ”, on consumer-service provider relationships.
The results indicated that the emoji triggered emotional contagion, strengthening
relationships. However, its influence on purchase intention was indirect, mediated by

affective response, and limited to already well-established relationships.

4.4 Microsoft Azure Face API

Lee (2021) used Microsoft Azure’s Face API to show how emotionality in brand

communications influences consumers' perceptions of brand status. The study assessed facial
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expressions in Twitter (now X) and Weibo posts, using an emotionality score that
encompassed emotions like anger, contempt, disgust, fear, happiness, sadness, and surprise.
The results showed that higher emotionality levels correlated with lower median prices,
indicating a negative impact of textual and visual emotionality on brand status perception.

Similarly, Yazdani et al. (2024) examined how emotional (mis)alignment between facial
expressions in cover images and project descriptions influences crowdfunding success on
GoFundMe. Specifically, they measured happiness and sadness in images with FaceAPI and
text tone with the Linguistic Inquiry and Word Count Software (Boyd et al., 2022).
Misalignment (e.g., a happy face with negative text or vice versa) had a stronger positive
impact on donations than alignment. Sad cover images reduced donations, but urgency
appeals and non-adult beneficiaries mitigated this impact. Additionally, greater progress
toward funding goals amplified the misalignment’s positive impact.

Zhou et al. (2021) analyzed online video consumption from a content-centric perspective
on platforms like MasterClass and the YouTube channel Crash Course. They extracted
emotions from instructors' faces and found that sentiment positively impacted consumer
behavior, while emotions had complex, context-dependent effects. For instance, higher levels
of sadness were associated with increased video completion rates, whereas happiness
generally had a negative effect.

Chuah and Yu (2021) examined how emotional expressions in human-robot interactions
affect user engagement, focusing on the robot Sophia's facial expressions. They analyzed

Sophia's Instagram posts. The results showed that positive (vs. negative) emotions led to
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higher engagement and more positive comments.

Additionally, Momtaz (2021) developed "Emotion Al," an R-based tool using Microsoft
Face API to detect positive and negative emotions in CEO photos during ICOs. The study
examined how CEOs' emotional traits influenced firm valuation, focusing on underpricing
behavior. Emotion Al categorizes emotions into positive (happiness) and negative (anger,
fear, sadness, and surprise). The study drew on data from ICObench, CoinMarketCap, and
social media and found that negative emotions impacted valuation through two mechanisms:
(1) Conformity Mechanism—CEOQOs displaying more negative emotions were 17% more
likely to accept underpriced ICOs. (2) Signaling Mechanism—investors demanded 15%
higher discounts when CEOs showed more negative emotions. Positive emotions had no

significant effects.

4.5 Google Cloud Vision API

Li and Xie (2019) explored how image content influences consumer engagement with
social media posts from airline and sport utility vehicle brands. They analyzed posts on
Twitter and Instagram, considering factors like the presence of images, human faces, and
facial expressions. The results showed that on Twitter, images featuring human faces

increased sharing, but happy faces reduced retweets.

4.6 Py-Feat

Yu et al. (2024) employed the Py-Feat package in Python, which quantifies facial
expressions and muscle movements based on FACS (Paul Ekman & Friesen, 1978) to

examine the impact of emotional expressions on user engagement with Al-generated virtual
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influencers, specifically focusing on Lil Miquela's Instagram posts. They found that
happiness was the most engaging emotion, generating the highest user interaction. Surprise
and anger also led to some level of engagement, but to a lesser extent. Sadness, however, had

the weakest impact.

4.7 Face++

Zhang et al. (2024) used Face++, which identifies seven distinct facial expressions:
happiness, surprise, sadness, anger, fear, disgust, and neutrality. They explored how the
sellers’ profile picture on peer-to-peer accommodation platforms affects buying intentions.
They found that positive emotional expressions, such as happiness and surprise, led to higher
purchase intentions. On the other hand, negative emotions like anger, fear, and disgust were

linked to lower purchase intentions.

4.8 Further Custom Models

Bharadwaj et al. (2022) developed a framework to detect salespeople's faces and analyze
six basic emotions (happiness, sadness, surprise, anger, fear, and disgust) to assess their
impact on sales performance. The results showed that when a salesperson’s face was visible,
sales increased by 0.34%. However, emotional expressions generally had a negative effect on
sales, with happiness reducing sales the most. Furthermore, Matz et al. (2019) applied a
custom ML algorithm to estimate the emotionality and personality traits of images. They
found that image preference could be predicted based on personality alignment between

consumers and images, influencing brand attitudes and purchase intentions.
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5 Discussion and conclusion

This SLR explored how AER image and video-based methods are applied in marketing
research, highlighting several advantages over traditional techniques, such as real-time
measurement (Hodges & Chen, 2022), scalability, cost-effectiveness (M. Zhou et al., 2021),
and unobtrusive data collection (Krause & Franke, 2024), offering less constrained data and
complementing traditional methodologies.

AER has proven versatile in contexts like social media (Lee, 2021), e-commerce (Krause
& Franke, 2024), and online platforms (Jiang et al., 2019). Key tools for AER in marketing
research, include Noldus’ FaceReader, iMotions’ Facial Expression Analysis, Google’s Cloud
Vision API, Face++, Py-Feat and Microsoft Azure Face API.

However, the use of AER, particularly facial recognition-based programs, which
dominated the studies in this review, raises important challenges. These programs primarily
rely on Ekman and Friesen’s (1978) basic emotions theory, which suggests that specific facial
expressions are innate, universally shared across cultures, and directly reflect internal
emotional states.

Academics such as Barrett et al. (2019) have challenged these assumptions, arguing that
facial expressions primarily serve as social tools rather than direct indicators of internal
emotions. A smile, for example, can convey happiness, discomfort, or even malice, depending
on the context. Accordingly, Bharadwaj et al. (2022) and Li et al. (2019) found that happy
faces in marketing stimuli could negatively impact consumer reactions. Combining facial

expression recognition with other AER methods could enhance the accuracy of internal
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emotion predictions.

Apart from theoretical challenges, also cultural variations and other contextual factors
(Yuki et al., 2007) can affect the accuracy of the results. This had led to the discontinuation of
facial AER programs such as the Face API by Microsoft Azure, which acknowledged that the
program was causing issues related to discrimination, stereotypes, and unfair denial of
services (Microsoft, 2023). Ethical and privacy concerns, legal and regulatory challenges,
interpretation and validity concerns (Microsoft, 2023), and high dependency on training data
(Luo et al., 2024) further complicate the widespread adoption of AER. For instance, one of
the biggest challenges with unobtrusive AER methods, whether through facial expressions,
speech, or text, is recognizing sarcasm.

Fortunately, there are ways to mitigate these issues and maximize the potential of AER.
One approach is to use AER tools as decision support, not relying solely on their results but
having close human supervision. Another way is using a multimodal approach, combining
AER tools with other sources like text analysis and skin conductance measures. Additionally,
increasing accuracy can be achieved by considering diverse cultural environments and
contexts. This can be accomplished by diversifying the dataset to provide more inclusive data
or by specializing tools for specific regions and cultures. Finally, it is also crucial to consider
consumer consent and transparency when using this tool, providing clear communication and

aligning with laws such as the General Data Protection Regulation.
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Managerial implications

AER has transformative potential in marketing research, offering easy application in
quantitative studies and providing valuable product and campaign optimization insights.
Similarly, this technology can also be beneficial for governmental decision-making. For
instance, the EU’s Horizon2020 program investigates AER through facial expressions in
fields such as healthcare, security, and improvements in Al systems (European Data
Protection Supervisor, 2021). China has been one of the leading countries in implementing
AER, benefiting public safety with large-scale monitoring in public spaces, education and
healthcare (Kostka et al., 2021). The entertainment industry also benefits, with companies
like imentiv (2024) offering AER solutions to optimize casting, scripts, and analysis. These

are just a few examples of how AER can be implemented.

Limitations and future research

It is essential to highlight that this review focused on studies published in English
between 2019 and 2024. Additionally, while this study primarily focuses on marketing,
applying AER in healthcare and education could provide valuable complementary insights.

Additionally, due to the rapid evolution of AER technologies, it is crucial that future
research addresses these advancements and evaluates emerging methodologies, ensuring that
the analysis remains up-to-date and relevant. With the ongoing growth of AER, marketing has
the opportunity to leverage innovative advancements that not only predict but also profoundly
understand consumer motivations and behaviors to create personalized and meaningful
experiences.

21



References

Adyapady, R. R., & Annappa, B. (2023). A comprehensive review of facial expression
recognition techniques. Multimedia Systems, 29(1), 73—103.
https://doi.org/10.1007/s00530-022-00984-w

Aftectiva. (2023). AFFDEX (Version 2.0) [Computer software]. Affectiva.
https://www.affectiva.com/science-resource/affdex-2-0-a-real-time-facial-expression-
analysis-toolkit/

Ba, S., & Hu, X. (2023). Measuring emotions in education using wearable devices: A
systematic review. Computers & Education, 200, Article 104797.
https://doi.org/10.1016/j.compedu.2023.104797

Bagozzi, R. P., Gopinath, M., & Nyer, P. U. (1999). The Role of Emotions in Marketing.
Journal of the Academy of Marketing Science, 27(2), 184-206.
https://doi.org/10.1177/0092070399272005

Bagozzi, R. P., Ruvio, A. A., & Xie, C. (2020). The material self. International Journal of
Research in Marketing, 37(4), 661-677.
https://doi.org/10.1016/j.ijresmar.2020.03.002

Baltrusaitis, T., Robinson, P., & Morency, L.-P. (2016). Openface:: an open source facial
behavior analysis toolkit. In 2016 IEEE winter conference on applications of
computer vision (WACV) (pp. 1-10). IEEE.
https://doi.org/10.1109/wacv.2016.7477553

Barrett, L. F., Adolphs, R., Marsella, S., Martinez, A. M., & Pollak, S. D. (2019). Emotional

22



expressions reconsidered: Challenges to inferring emotion from human facial
movements. Psychological Science in the Public Interest, 20(1), 1-68.
https://doi.org/10.1177/1529100619832930

Beijing Kuangshi Technology Co.,Ltd. (2017). Face++ [Computer software].
https://www.faceplusplus.com/

Bharadwaj, N., Ballings, M., Naik, P. A., Moore, M., & Arat, M. M. (2022). A new livestream
retail analytics framework to assess the sales impact of emotional displays. Journal of
Marketing, 86(1), 27-47. https://doi.org/10.1177/00222429211013042

Bohorquez Camacho, L., Lichters, M., & Amor, P. J. (2025). Data repository: Automated
emotion recognition in marketing research: A systematic literature review of current
image and video-based methods. https://doi.org/10.17605/OSF.I0/JK36B

Bota, P. J., Wang, C., Fred, A. L. N., & Da Silva, H. P. (2019). A review, current challenges,
and future possibilities on emotion recognition using machine learning and
physiological signals. IEEE Access, 7, 140990-141020.
https://doi.org/10.1109/ACCESS.2019.2944001

Boyd, R. L., Ashokkumar, A., Seraj, S., & Pennebaker, J. W. (2022). LIWC-22 [Computer
software]. Pennebaker Conglomerates, Inc. https://www.liwc.app/

Cheong, J. H., Jolly, E., Xie, T., Byrne, S., Kenney, M., & Chang, L. J. (2023). Py-feat:
Python facial expression analysis toolbox. Affective Science, 4(4), 781-796.
https://doi.org/10.1007/s42761-023-00191-4

Chuah, S. H.-W., & Yu, J. (2021). The future of service: The power of emotion in human-

23



robot interaction. Journal of Retailing and Consumer Services, 61, 102551.
https://doi.org/10.1016/j.jretconser.2021.102551

Dzyabura, D., & Peres, R. (2021). Visual elicitation of brand perception. Journal of
Marketing, 85(4), 44—66. https://doi.org/10.1177/0022242921996661

Ekman, P [P.] (1982). What are the relative contributions of facial behavior and contextual
information to the judgement of emotion? Emotion in the Human Face, 111-127.
https://doi.org/10.1016/C2013-0-02458-9

Ekman, P [Paul], & Friesen, W. V. (1978). Facial action coding system. Environmental
Psychology & Nonverbal Behavior. Advance online publication.
https://doi.org/10.1037/t27734-000

European Data Protection Supervisor. (2021). Facial Emotion Recognition [TechDispatch
Issue 1/ 2021]. https://doi.org/10.2804/519064

Fernandez-Abascal, E. G., Rodriguez, B. G., Sdnchez, M. P. J., Diaz, M. D. M., &
Sanchez, F. J. D. (2010). Psicologia de la emocion. Editorial Universitaria Ramon
Areces.

Friedmann, E., Weiss-Sidi, M., & Solodoha, E. (2024). Unveiling impact dynamics:
Discriminatory brand advertisements, stress response, and the call for ethical
marketing practices. Journal of Retailing and Consumer Services, 79, 103851.
https://doi.org/10.1016/j.jretconser.2024.103851

Friesen, J. P., Kawakami, K., Vingilis-Jaremko, L., Caprara, R., Sidhu, D. M., Williams, A.,

Hugenberg, K., Rodriguez-Bailén, R., Cafadas, E., & Niedenthal, P. (2019).

24



Perceiving happiness in an intergroup context: The role of race and attention to the
eyes in differentiating between true and false smile. Journal of Personality and Social
Psychology, 116(3), 375-395. https://doi.org/10.1037/pspa0000139

German Academic Association. (2024). VHB Publication Media Rating 2024: The VHB
Rating for the assessment of the scientific quality of publication media from the
perspective of business studies in the German speaking countries [Whitepaper].
https://vhbonline.org/en/service/vhb-rating-2024/

Google. (2025). Cloud Vision API Features list. Google.
https://cloud.google.com/vision/docs/features-list

Hamelin, N., Thaichon, P., Abraham, C., Driver, N., Lipscombe, J., & Pillai, J. (2020).
Storytelling, the scale of persuasion and retention: A neuromarketing approach.
Journal of Retailing and Consumer Services, 55, 102099.
https://doi.org/10.1016/j.jretconser.2020.102099

Hasnul, M. A., Aziz, Nor Azlina Ab, Alelyani, S., Mohana, M., & Aziz, A. A. (2021).
Electrocardiogram-based emotion recognition systems and their applications in
healthcare—a review. Sensors, 21(15), 5015. https://doi.org/10.3390/s21155015

Hickman, L., Thapa, S., Tay, L., Cao, M., & Srinivasan, P. (2022). Text preprocessing for text
mining in organizational research: Review and recommendations. Organizational
Research Methods, 25(1), 114—146. https://doi.org/10.1177/1094428120971683

Hodges, B. T., & Chen, H. (2022). In the Eye of the Beholder: The Interplay of Numeracy

and Fluency in Consumer Response to 99-Ending Prices. Journal of Consumer

25



Research, 48(6), 1050—1072. https://doi.org/10.1093/jcr/ucab040

Huang, L., & Pricer, L. (2024). How video conferencing promotes preferences for self-
enhancement products. International Journal of Research in Marketing, 41(1), 93—
112. https://doi.org/10.1016/j.ijjresmar.2023.09.001

Hult, G. T. M., Reimann, M., & Schilke, O. (2009). Worldwide faculty perceptions of
marketing journals: Rankings, trends, comparisons, and segmentations. Global Edge
Business Review, 3(3), 1-23.

imentiv. (2024). imentiv.ai [Computer software]. https://imentiv.ai/emotion-ai-in-filmmaking/

iMotions. (2025). Facial Expression Analysis [Computer software].
https://imotions.com/products/imotions-lab/modules/fea-facial-expression-analysis/

Jiang, L., Yin, D., & Liu, D. (2019). Can joy buy you money? The impact of the strength,
duration, and phases of an entrepreneur’s peak displayed joy on funding performance.
Academy of Management Journal, 62(6), 1848—1871.
https://doi.org/10.5465/amj.2017.1423

Kamble, K., & Sengupta, J. (2023). A comprehensive survey on emotion recognition based
on electroencephalograph (EEQG) signals. Multimedia Tools and Applications, 82(18),
27269-27304. https://doi.org/10.1007/s11042-023-14489-9

Kanuri, V. K., Hughes, C., & Hodges, B. T. (2024). Standing out from the crowd: When and
why color complexity in social media images increases user engagement.
International Journal of Research in Marketing, 41(2), 174-193.

https://doi.org/10.1016/j.ijjresmar.2023.08.007

26



Khare, S. K., Blanes-Vidal, V., Nadimi, E. S., & Acharya, U. R. (2024). Emotion recognition
and artificial intelligence: A systematic review (2014-2023) and research
recommendations. Information Fusion, 102, Article 102019.

Kostka, G., Steinacker, L., & Meckel, M. (2021). Between security and convenience: Facial
recognition technology in the eyes of citizens in China, Germany, the United
Kingdom, and the United States. Public Understanding of Science, 30(6), 671-690.
https://doi.org/10.1177/09636625211001555

Krause, F., & Franke, N. (2024). Understanding Consumer Self-Design Abandonment: A
Dynamic Perspective. Journal of Marketing, 88(2), 79-98.
https://doi.org/10.1177/00222429231183977

Ladeira, W., Rasul, T., Perin, M. G., & Santini, F. (2023). The bright side of disorganization:
When surprise generates low-price signals. Journal of Retailing and Consumer
Services, 73, 103340. https://doi.org/10.1016/j.jretconser.2023.103340

Lang, P. J., Bradley, M. M., & Cuthbert, B. N. (1990). Emotion, attention, and the startle
reflex. Psychological Review, 97(3), 377. https://doi1.org/10.1037//0033-295x.97.3.377

Lee, J. K. (2021). Emotional Expressions and Brand Status. Journal of Marketing Research,
58(6), 1178-1196. https://doi.org/10.1177/00222437211037340

Lewinski, P., Uyl, T. M. den, & Butler, C. (2014). Automated facial coding: validation of
basic emotions and FACS AUs in FaceReader. Journal of Neuroscience, Psychology,
and Economics, 7(4), 227-236. https://doi.org/10.1037/npe0000028

Li, X [Xi], Shi, M., & Wang, X. (2019). Video mining: Measuring visual information using

27



automatic methods. International Journal of Research in Marketing, 36(2), 216-231.
https://doi.org/10.1016/j.ijjresmar.2019.02.004

Li, Y., & Xie, Y. (2019). Is a Picture Worth a Thousand Words? An Empirical Study of Image
Content and Social Media Engagement. Journal of Marketing Research, 57(1), 1-19.
https://doi.org/10.1177/0022243719881113

Lindgaard, G., Fernandes, G., Dudek, C., & Brown, J. (2006). Attention web designers: You
have 50 milliseconds to make a good first impression! Behaviour & Information
Technology, 25(2), 115—126. https://doi.org/10.1080/01449290500330448

Luo, X., Jia, N., Ouyang, E., & Fang, Z. (2024). Introducing machine-learning-based data
fusion methods for analyzing multimodal data: An application of measuring
trustworthiness of microenterprises. Strategic Management Journal, 45(8), 1597—
1629. https://doi.org/10.1002/smj.3597

Lyons, M., Kamachi, M., & Gyoba, J. (1998). The Japanese female facial expression
(JAFFE) dataset. (No Title). Advance online publication.
https://doi.org/10.5281/zenodo.3451523

Machajdik, J., & Hanbury, A. (2010). Affective image classification using features inspired
by psychology and art theory. In A. del Bimbo & S.-F. Chang (Chairs), Proceedings of
the 18th ACM international conference on Multimedia.

Matz, S. C., Segalin, C., Stillwell, D., Miiller, S. R., & Bos, M. W. (2019). Predicting the
personal appeal of marketing images using computational methods. Journal of

Consumer Psychology, 29(3), 370-390. https://doi.org/10.1002/jcpy.1092

28



McDuff, D., Mahmoud, A., Mavadati, M., Amr, M., Turcot, J., & Kaliouby, R. el (2016).
AFFDEX SDK: a cross-platform real-time multi-face expression recognition toolkit.
In J. Kaye & ACM Special Interest Group on Computer-Human Interaction (Chairs),
Proceedings of the 2016 CHI conference extended abstracts on human factors in
computing systems.

Mehrabian, A. (2017). Communication without words. In Communication theory (pp. 193—
200). Routledge. https://doi.org/10.4324/9781315080918-15

Microsoft. (2023). Azure Face API: Use cases for Face - Azure Al services. Microsoft Azure.
https://learn.microsoft.com/en-us/legal/cognitive-services/face/transparency-note

Mollahosseini, A., Hasani, B., & Mahoor, M. H. (2017). Affectnet: A database for facial
expression, valence, and arousal computing in the wild. /EEE Transactions on
Affective Computing, 10(1), 18-31. https://doi.org/10.1109/taffc.2017.2740923

Momtaz, P. P. (2021). Ceo emotions and firm valuation in initial coin offerings: An artificial
emotional intelligence approach. Strategic Management Journal, 42(3), 558-578.
https://doi.org/10.1002/smj.3235

Morphcast Inc. (2025). Emotion AI Utility [Computer software].
https://www.morphcast.com/app/emotion-ai-utility/

Noldus. (2024). Facial expression analysis [Computer software].
https://www.noldus.com/facereader

Noroozi, F., Corneanu, C. A., Kaminska, D., Sapinski, T., Escalera, S., & Anbarjafari, G.

(2018). Survey on emotional body gesture recognition. /EEE Transactions on

29



Affective Computing, 12(2), 505-523. https://doi.org/10.1109/TAFFC.2018.2874986

Page, M. J., McKenzie, J. E., Bossuyt, P. M., Boutron, I., Hoffmann, T. C., Mulrow, C. D.,
Shamseer, L., Tetzlaff, J. M., Akl, E. A., & Brennan, S. E. (2021). The PRISMA 2020
statement: an updated guideline for reporting systematic reviews. Bmyj, 372, Article
n71. https://doi.org/10.1136/bmj.n71

Posner, J., Russell, J. A., & Peterson, B. S. (2005). The circumplex model of aftect: An
integrative approach to affective neuroscience, cognitive development, and
psychopathology. Development and Psychopathology, 17(3), 715-734.
https://doi.org/10.1017/s0954579405050340

Realeyes. (2024). Realeyes [Computer software]. https://www.realeyesit.com/

Serra-Garcia, M., & Gneezy, U. (2021). Mistakes, overconfidence, and the effect of sharing
on detecting lies. The American Economic Review, 111(10), 3160-3183.
https://doi.org/10.1016/j.jretconser.2022.103149

Singh, Y. B., & Goel, S. (2022). A systematic literature review of speech emotion recognition
approaches. Neurocomputing, 492, 245-263.
https://doi.org/10.1016/;.neucom.2022.04.028

Smith, L. W., & Rose, R. L. (2020). Service with a smiley face: Emojional contagion in
digitally mediated relationships. International Journal of Research in Marketing,
37(2), 301-319. https://doi.org/10.1016/.ijresmar.2019.09.004

Stockli, S., Schulte-Mecklenbeck, M., Borer, S., & Samson, A. C. (2018). Facial expression

analysis with AFFDEX and FACET: A validation study. Behavior Research Methods,

30



50, 1446-1460. https://doi.org/10.3758/s13428-017-0996-1

Taigman, Y., Yang, M., Ranzato, M., & Wolf, L. (2014). Deepface: Closing the Gap to
Human-Level Performance in Face Verification. In Proceedings of the IEEE
conference on computer vision and pattern recognition.

Wang, Y., Song, W., Tao, W., Liotta, A., Yang, D., Li, X [Xinlei], Gao, S., Sun, Y., Ge, W., &
Zhang, W. (2022). A systematic review on affective computing: Emotion models,
databases, and recent advances. Information Fusion, 83, 19-52.
https://doi.org/10.48550/arXiv.2203.06935

Watson, D., Clark, L. A., & Tellegen, A. (1988). Development and validation of brief
measures of positive and negative affect: the PANAS scales. Journal of Personality
and Social Psychology, 54(6), 1063. https://doi.org/10.1037//0022-3514.54.6.1063

Watson, D., & Tellegen, A. (1985). Toward a consensual structure of mood. Psychological
Bulletin, 98(2), 219-235. https://doi.org/10.1037//0033-2909.98.2.219

Yazdani, E., Chakravarty, A., & Inman, J. (2024). (Mis)alignment between facial and textual
emotions and its effects on donors engagement behavior in online crowdsourcing
platforms. Journal of the Academy of Marketing Science. Advance online publication.
https://doi.org/10.1007/s11747-024-01002-3

Yu, J., Dickinger, A., So, K. K. F., & Egger, R. (2024). Artificial intelligence-generated
virtual influencer: Examining the effects of emotional display on user engagement.
Journal of Retailing and Consumer Services, 76, 103560.

https://doi.org/10.1016/j.jretconser.2023.103560

31



Yu, T., Cryder, C., & LeBoeuf, R. A. (2024). Refund psychology. Journal of Consumer
Research, 51(2), 238-255. https://doi.org/10.1093/jcr/ucad067

Yuki, M., Maddux, W. W., & Masuda, T. (2007). Are the windows to the soul the same in the
East and West? Cultural differences in using the eyes and mouth as cues to recognize
emotions in Japan and the United States. Journal of Experimental Social Psychology,
43(2),303-311. https://doi.org/10.1016/j.jesp.2006.02.004

Zajonc, R. B. (1980). Feeling and thinking: Preferences need no inferences. American
Psychologist, 35(2), 151-175. https://doi.org/10.1037//0003-066x.35.2.151

Zhang, J., Yin, Z., Chen, P., & Nichele, S. (2020). Emotion recognition using multi-modal
data and machine learning techniques: A tutorial and review. Information Fusion, 59,
103—126. https://doi.org/10.1016/j.inffus.2020.01.011

Zhang, 7., Guo, X., & Lee, C. (2024). Advances in olfactory augmented virtual reality
towards future metaverse applications. Nature Communications, 15(1), 6465.
https://doi.org/10.1038/s41467-024-50261-9

Zhou, M., Chen, G. H., Ferreira, P., & Smith, M. D. (2021). Consumer Behavior in the Online
Classroom: Using Video Analytics and Machine Learning to Understand the
Consumption of Video Courseware. Journal of Marketing Research, 58(6), 1079—
1100. https://doi.org/10.1177/00222437211042013

Zhou, Y., Gao Tianyu, Zhang, T., Li, W., Wu Taoyu, Han, X., & Han Shihui (2020). Neural
dynamics of racial categorization predicts racial bias in face recognition and altruism.

Nature Human Behaviour, 4(1), 69—87. https://doi.org/10.1038/s41562-019-0743-y

32



Zwebner, Y., & Schrift, R. Y. (2020). On My Own: The Aversion to Being Observed during
the Preference-Construction Stage. Journal of Consumer Research, 47(4), 475—499.

https://doi.org/10.1093/jcr/ucaa016

33






Otto von Guericke University Magdeburg
Faculty of Economics and Management
P.0. Box 4120 | 39016 Magdeburg | Germany

Tel.: +49 (0) 3 91/67-1 85 84
Fax: +49 (0) 3 91/67-121 20

www.fww.ovgu.de/femm

ISSN 1615-4274



