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Abstract. Although emotions have been investigated within strategic management literature 
from an internal perspective, managers ability and willingness to understand consumers 
emotions, with emphasis on retail sector, is still a scarcely explored theme in management 
research. The aim of this paper is to explore the match between the supply of new analytical 
tools and retail managers’ attitudes towards new tools to capture customers’ emotions. To this 
end, Study 1 uses machine learning algorithms to develop a new system to analytically detect 
emotional responses from customers’ static images (considering the exemplar emotions of 
happiness and sadness), whilst Study 2 consults management decision makers to explore the 
practical utility of such emotion recognition systems, finding a likely demand for a number of 
applications, albeit tempered by concern for ethical issues. While contributing to the retail 
management literature with regard to customers’ emotions and big data analytics, the findings 
also provide a new framework to support retail managers in using new analytics to survive and 
thrive in difficult times.  
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1. Introduction 
Emotion has been an increasingly studied area in strategic management research (Daniels, 
1998; Goss, 2008; Lewis, 2008; Delgado-Garcia et al., 2010), helping to build understanding 
of information processing and decision-making, employees’ experiencing negative emotions 
in the working environment, leadership styles, etc. However, prior studies largely focus on the 
importance of emotion within the organization, almost ignoring the importance for managers 
of understanding also consumers emotional responses to certain organizational behaviours 
(e.g., service failure, reputation, green campaigns, etc.)  (Schoefer and Diamantopoulos, 2009; 
Walsh et al., 2016; Kohli et al., 2021). However, understanding customers’ experiences and 
engagement requires a deep insight into customers’ emotions experienced during a service 
encounters (Schoefer and Diamantopoulos, 2009).  
The need for the analysis of affective user generated content derives from previous research in 
cognitive vs affective experiences that suggests that affective experiences have a more 
significant role in influencing customer behaviour than do cognitive experiences (Dennis et al., 
2014). For instance, customers expect organizations to respond proactively to their concerns, 
complaints and negative experiences, as well as to service failures by pushing them to find new 
solutions (Schoefer and Diamantopoulos, 2009). Thus, new forms of analytics have been 
employed to potentially improve organisations’ competencies and add value by enhancing 
knowledge regarding various operations including the behaviour of customers (Paschen et al., 
2020). Analytics help organisations in gaining insights useful to improve their performance in 
the market (Hajli et al, 2021) by optimizing the allocation of resources and by improving 
efficiency (Canhoto and Clear, 2020). Specifically, they utilise structured and unstructured data 
such as information about transactions and images respectively (Canhoto and Clear, 2020; 
Sheng et al., 2019; Balducci and Marinova, 2018). Indeed, the capability to analyse customers’ 
unstructured data is considered to impart superior competitive advantage (Mikalef et al., 2019). 
Accordingly, recent research analysed user generated cognitive content focusing mainly on 



text posted on social media (Sheng et al., 2019; Srivastava and Kalro, 2019). Accordingly, the 
analysis of affective user generated content is rapidly acquiring scholars’ attention (Li and Xie, 
2020; Peng et al., 2019; Villarroel Ordenes et al., 2017). For instance, image analysis has been 
used in the past to assist employees with information processing facilitating a transition to 
delivering more creative work by using machine learning to classify images (Shrestha et al., 
2021), or to understand if consumers’ perceptions of a certain product/service are aligned with 
the company marketing campaigns (Giglio et al., 2020). However, different sectors might 
capture and produce value from these analytics differently (Mikalef et al., 2019), making 
investigation of these topics in the retail sector a promising area of research. The quantity of 
information generated by new forms of analytics makes its interpretation and understanding 
challenging (Calvard, 2016). However, organisations are not dealing effectively with privacy 
issues related to new data collection and analytics applications (Batistic and van der Laken, 
2019; Aiello et al., 2020; Martin and Palmatier, 2020), and therefore the inefficiency of 
managing such risks tends to create a reluctance in the adoption of such technologies by 
managers (Canhoto and Clear, 2020). 
Given the importance of emotions for service relationships (Schoefer and Diamantopoulos, 
2009; Walsh et al., 2016), the potential contribution of new forms of analytics in the 
identification of customers’ emotions while in retail settings as well as sensemaking and 
optimum utilisation of this information are key areas still to be explored. Of particular interest 
is whether managers and retail managers are able to exploit technology like artificial 
intelligence (including robotic companions and voice assistants) (Bertacchini et al., 2017; 
Mende et al., 2019; Vannucci and Pantano, 2019; Evanschitzky and Georgen, 2018; Grewal et 
al., 2020), to make a systematic correspondence between customers’ emotions and service 
encounter.  
The aim of this paper is (i) to explore the match between the supply of new analytical tools and 
retailers’ demand for new tools to capture customers’ emotions, and (ii) provide a new 
synergistic framework to exploit new analytics and new sources. 
The methodological approach incorporates two studies to provide a holistic approach in 
analysing affective user generated content and exploring the practical implications 
respectively. Based on the findings, the research proposes a new machine learning approach, 
which has been used as an exemplary new tool for additional analytics of customers’ behaviour. 
In doing so, paper insights would suggest a fairly novel approach to capture emotions into an 
area not yet widespread, retailing. Thus, our paper enhances our understanding of a 
fundamental aspect of retail management: how to exploit new sources and analytics to evaluate 
customers’ emotions and to integrate into the service encounters. 
While traditional analytical and statistical approaches are capable of investigating traditional 
marketing data, new approaches based on artificial intelligence and machine learning might be 
more suitable for understanding and predicting emergent trends (Pantano et al., 2019; Pantano 
et al., 2017; Shankar, 2018). One application of such techniques is in the more reliable detection 
of customers’ emotions in specific retail settings. Similarly, recent studies call for new research 
in understanding how to extract visual information from customer generated contents shared 
online (Li and Xie, 2020). On one hand, this research responds to the recent calls for research 
into the role of new forms of analytics able to better support organizations to respond quickly 
to the environmental changes (Sena et al. 2017; Sheng et al., 2019), and on the other, it sheds 
light on the importance for managers of understanding consumers’ emotions. 
In the current paper, Study 1 contributes to retail management literature by proposing a new 
exemplar algorithm for emotional analytics, as part of new analytics to extract insights that can 



result in more efficient management strategies. The findings will demonstrate that it is possible 
to systematically detect customers’ happiness and sadness when in retail stores (emotional 
analytics results). The main theoretical contribution, analysed later in the manuscript, suggest 
that hedonic responses can be evaluated as emotional reactions by using visual cues. This is a 
more logical approach compared to the use of cognitive cues in questionnaire surveys or 
systematic and simultaneous analyses of multiple sources (i.e., combination of tweets, posts on 
Facebooks and images on Instagram, etc.) employed in past literature on the topic, which we 
consider to be more appropriate to utilitarian rather than hedonic responses (e.g., Sheng et al., 
2019; Srivastava and Kalro, 2019). The findings will enable researchers to reconceptualise the 
role of emotions and provide managers with new tools to enhance customer satisfaction. 
Mikalef et al. (2019) point out that even when managers have big data intelligence available, 
they might not use it in decision making, which constitutes a ‘promising area of research’ 
(p293). Accordingly, we carried out Study 2 with the aim of exploring the extent to which retail 
managers may use emotion recognition in decision making. Study 2 consults management 
decision makers to explore the practical utility of such emotion recognition systems, finding a 
likely demand for several applications, albeit tempered by concern for ethical issues. 
The paper is structured as follows: the next section illustrates the theoretical background of the 
study, based on past research on customers’ emotions measures in retail settings. Subsequently, 
the paper focuses on the method of research based on two studies (algorithm development and 
test, and retailers’ response). Finally, results and implications for scholars and practitioners are 
discussed. 
 
2. Theoretical background  
Emotions have been conceptualized as positive or negative affect (Fredrickson and Losada, 
2005; Nawijn, 2011), which has direct effects on an individual’s thinking and behaviour 
(Fredrickson and Losada, 2005; Magids, Zorfas, and Daniel, 2015). Emotions are expressed 
through (i) subjective experience, (ii) expressive behaviour, and (iii) physiological changes 
(Ekman, 1992). Specifically, Bagozzi, Gopinath, and Nyer (1999, p. 184) defined emotion as 
“a mental state of readiness that arises from cognitive appraisals of events or thoughts; has a 
phenomenological tone; is accompanied by physiological processes; is often expressed 
physically (e.g., in gestures, posture, facial features); and may result in specific actions to 
affirm or cope, depending on its nature and meaning for the person having it”. In the same vein, 
Isaac and Budryte-Ausiejiene (2015) claimed that emotions “are affective states characterized 
by occurrences or events of intense feelings associated with specific evoked response 
behaviours”. Individuals are usually aware of their emotions, while their moods are more 
general and subtle, and often work beneath their consciousness (Goossens, 2000). In 
comparison with moods, emotions are more intense and associated with specific objects or 
events (Goss, 2008). Similarly, Malone, McCabe, and Smith (2014) claim that emotions are 
very subjective, and salient. For these reasons, researchers broadly agree on the key role played 
by emotions in experience formation (Brakus et al., 2019; Das et al., 2017; Dennis et al., 2014; 
2017; Richins, 1997; Goss, 2008). Experience refers to emotions, sensations, feelings, 
cognitions, and behavioural responses evoked by, for example, a retailer (e.g., Brakus et al., 
2019; Dennis et al., 2017). Goss (2008) further highlighted the importance of the social and 
cultural context where individuals display their emotions. 
In the retail context, positive emotions usually lead to positive shopping approach behaviours 
such as satisfaction, willingness to pay, loyalty (Chou et al., 2016; Goldsmith et al., 2012; 
Sherman et al., 1997), attitudes towards the retailer/brand (Dennis et al., 2014; Brakus et al., 



2009), customers’ evaluation of the product, service, and service encounters (Hasford et al., 
2015; Hennig-Thurau et al., 2006; Mattila and Enz, 2002), as well as increased willingness to 
pay (Chou et al., 2016). On the other hand, negative emotions might lead to negative 
consumers’ behaviours like product returns, limited engagement with the firm, diminished 
corporate reputation, etc. (Walsh et al., 2016; Kohli et al., 2021). However, positive emotions 
tend to have a stronger effect on behaviour than do negative emotions (Kranzbühler et al., 2020, 
Pappas et al., 2017).  
The effect of emotions on shopping behaviour also informs store atmospherics literature which 
suggests that common retail practices employ, for example, music, scent, and appropriate 
colour schemes to evoke positive emotions in customers (Fuentes et al., 2019; Reynolds-
McIlnay et al., 2017; Alpert et al., 2005). Past research examining customers’ emotions in the 
context of shopping utilises traditional surveys, questionnaires, and observations (please see 
Table 1 for a review of studies published in academic journals in this area building on the 
review of the relevant literature by Gaur et al. 2014). In addition, retailers evaluate customers’ 
experiences through methods including the employment of mystery shoppers (anonymous 
visitors to such businesses to check the extent to which they meet specific standards of 
cleanliness, speed, and quality of customer service, etc.). These practices may be subject to a 
number of limitations arising from interviewer/researcher bias and/or lack of depth of analysis, 
leading to a lack of understanding of customers’ deeper feelings.  
 

Study Method of research Findings 
Brakus, Schmitt, Zarantonello, 
2009 

Quantitative (three surveys with 
25, 267, and 193 university 
students respectively, and one 
survey with 150 customers) 

New scale to measure brand 
experience based on four 
dimensions: sensory, affective, 
intellectual, and behavioural 

Chou et al., 2016 Quantitative (survey with 230 
college students in China) 

Considering two services with two 
opposite valences (failure-success 
scenario and success-failure 
success scenario), findings 
demonstrates that when the 
priming information between two 
services increases (decreases) 
positive emotions the result is a 
raising (lowering) of willingness to 
pay 

Das & Varshneya, 2017 Quantitative (survey with 346 
customers) 

Findings reveal the role of various 
social and promotional cues on 
customers’ pleasure and arousal in 
shopping malls.   

Dennis et al., 2014 Quantitative (survey with 437 
customers) 

Findings reveal that digital signage 
technology can evoke affective 
experience when impacting 
customers’ experience. 

Goldsmith et al., 2012 Quantitative (440 participants 
distributed in 6 independent 
studies) 

Findings reveal the cognitive 
association between guilt and 
pleasure, thus priming the guilt 
increases the pleasure from 
hedonic consumption 

Hennig-Thurau et al., 2006 Quantitative (223 customers) Findings reveal the extent to which 
employees emotional labour 
display directly affects customers’ 
emotional states. 



Kidwell et al., 2020 Survey, experiments When shopping, consumers with 
similar emotional ability 
experience significantly greater 
satisfaction in their interactions 

Mattila & Enz, 2002 Mixed methods (observation and 
survey with 200 customers) 

Findings suggest affect influences 
customers’ responses to brief, 
nonpersonal service encounters 

Pantano & Gandini 2018 Qualitative (in-depth interviews 
with 20 young customers) 

Findings demonstrate the extent to 
which the shopping experience 
within stores can develop towards 
a new kind of experience based on 
the connection to a network of 
customers (shopping as a 
“networked experience”)  

Pappas et al., 2017 Quantitative (survey with 582 
consumers) 

Positive emotions have a greater 
effect on purchase intentions than 
negative. 

Richins, 1997 Literature review Provides a set of descriptors to 
measure emotions in consumption 
experience 

Rick et al., 2014 Experiments  Shopping alleviates sadness 
Sherman, Mathur, Smith, 1997 Quantitative (909 customers) Findings suggest the emotional 

state of customers as driver of 
purchase behaviour 

Schoefer & Diamantopoulos, 2009 Quantitative (two surveys with 189 
and 154 respondents respectively) 

Four distinct emotional response 
styles associated with perceptions 
of relationship quality  

Table 1: Selected past research on customers’ emotions. 
 
Previous literature has also examined customer emotions in different settings and in different 
points of time of the customer journey, ranging from i) utilising machine learning to measure 
emotions in lab experiments (Yu and Ko, 2017) to ii) surveys while customers were shopping 
(Bustamante and Rubio, 2017) or iii) post-shopping where customers had to reflect on their 
shopping trip (Laros and Steenkamp, 2005; Adam, Krämer, and Weinhardt, 2012). Such 
methodologies demonstrate respectively three main disadvantages i) notwithstanding that they 
facilitate the collection of information about customer emotions in real time, the retail 
environments explored may be only simulated, ii) they rely on self-reported (rather than 
objectively measured) information, and iii) they rely on customers’ perhaps-inaccurate 
recollections of their shopping experiences. Table 2 provides an overview of methods 
employed in past studies measuring customer emotions. This study aims to address these 
disadvantages by utilizing machine learning to collect information on customer emotions in 
real time as well as in a real physical retail space.  
The constant drive to create memorable experiences for customers pushes retailers to adopt 
new solutions based on an ever-greater integration of technology (Inman and Nikolova, 2017; 
Vannucci and Pantano, 2019; Willems et al., 2017). Nevertheless, interaction with the new 
technology-enriched retail environments leads to emotional reactions and new shopping 
experiences (Dennis et al., 2017). For instance, this interaction might result in happier 
experiences gained from material purchases (Dennis et al., 2017). Indeed, technology can be 
based on mobile apps, digital signage, and smart mirrors (Dennis et al., 2014; Willems et al., 
2017), humanoid shopping assistants (Bertacchini et al., 2017), contactless technologies, 
systems for fast payment, and so on to provide customers with access to additional information 



on products to support them in finding, comparing, locating, and buying goods, while 
enhancing their shopping experiences with relaxing and entertaining services.  
For instance, systematic social media monitoring would facilitate the understanding of 
customer behaviour and engagement with companies (Li and Xie, 2020). In this sense, machine 
learning techniques would support the collection of online insights on customers, with 
emphasis on social media sources. However, they are still rarely explored in retail studies 
(Pantano et al., 2019). Therefore, finding new approaches to utilize social media content would 
help in understanding customers’ shopping experiences and the associated emotions, while 
machine learning algorithms would analyse the collected data. Indeed, in analysing customer 
behaviour, previous literature has employed machine learning to explore the behaviour of 
individuals in the context of several marketing applications and channels to examine customer 
experiences. Previous studies vary both in terms of the type of data used in the analysis and in 
relation to the theoretical focus of the research. With regard to the former, machine learning 
has been employed to analyse text posted on review/ratings websites (Ahani et al., 2019; Peng 
et al., 2019; Sheng et al., 2019; Srivastava and Kalro, 2019), text posted on social media 
(Pantano et al., 2019; Kuhl et al., 2020; Pantano and Stylos, 2020; Villarroel et al., 2019; Lie 
and Xie, 2020), and images from various sources (Matz et al., 2019). In relation to the latter, 
existing studies have examined customers’ emotions (Pantano et al., 2019; Srivastava and 
Kalro, 2019), customer needs (Kuhl et al., 2020), customer personality (Matz et al., 2019), 
customer segmentation (Ahani et al., 2019), customer engagement and contents of customer 
generated posts in social media (Li and Xie, 2020; Pantano and Stylos, 2020; Vermeer et al., 
2019). Despite the potential of new technology to provide new customer solutions, competition 
in high streets is still critical. For instance, in the UK, traditional high street retailers are failing 
(The Guardian, 2018a, b), as retailers and shopping centres are losing business to online 
competition, while recent figures by KPMG report customers increasing expectations from 
retailers and retail experiences (KPMG, 2018). Thus, there is a need to shift emphasis towards 
experience in the face of competition from online, and therefore a deeper understanding of 
customer’s emotions as drivers of positive shopping experiences in physical stores might play 
a key role. 
Summarizing, past literature emphasises the importance of providing customers with positive 
shopping experiences, and the related tools to understand these experiences, while machine 
learning algorithms emerge as new powerful tools to support the elicitation of customers’ 
insights. However, to the best of our knowledge, research on retailers’ effective willingness to 
put into practice the new analysis and metrics and how to support them in doing so is still 
scarce. Therefore, this paper aims to develop a framework that bridges the gap between use of 
artificial intelligence and big data analytics in the retail environment and the managerial 
implications by developing a retail framework that can inform such decisions.  
 



 
Table 2: Past applied methodologies measuring customer emotions 

 

Emotions Methods Time of measurement Reference 
Happiness, anger, 
surprise and disgust 

AI, FaceReader, an 
automatic facial 
expression recognition 
software 

Virtual shopping 
experience in a lab 

Yu and Ko, 2017 

Arousal and pleasure Survey utilising a self-
reported questionnaire 

Post shopping 
experience 

Das and Varshneya, 
2017 

Pleasure, Arousal, 
Dominance, Joy, 
Sadness, Interest, Anger, 
Guilt, Shyness/shame, 
Disgust, Contempt, 
Surprise, Fear, 
Acceptance, Expectancy.    

Survey utilising a self-
reported questionnaire 

Post shopping 
experience 

Machleit and Eroglu, 
2000 

Elated, peppy, 
enthusiastic, excited, 
Strong, active 

Survey utilising a self-
reported questionnaire 

Post shopping 
experience 

Wang, 2009 

Anger, fear, sadness, 
shame, contentment, 
happiness, love, pride. 

Survey utilising a self-
reported questionnaire 

Post shopping 
experience 

Laros and Steenkamp, 
2005 

Arousal, excitement Self-reported 
questionnaire as part of a 
lab experiment  

Post shopping 
experience 

Adam, Krämer, and 
Weinhardt, 2012 

Pleasure, arousal Online survey Virtual shopping 
experience 

Cho and Lee, 2017 

Joy, enthusiasm, 
calmness, excitement 

Online experiment, 
survey 

Virtual consumption 
experience 

Borges, Herter, and 
Chebat, 2015 

Contented, happy, 
optimistic, hopeful, 
enthusiastic, thrilled, 
surprised, amazed, 
astonished, delighted, 
fulfilled, encouraged, 
calm, unworried, 
discontented, frustrated, 
ashamed, tense 

Survey While Shopping Bustamante and Rubio, 
2017 

Level of 
Arousal 

electrodermal activity 
(EDA) 

Real time experience Kim and Fesenmaier, 
2015 

Joy Survey While Shopping Bagdare and Jain, 2013 
Anger, discontent, 
worry, sadness, fear, 
shame, envy, loneliness, 
love, peacefulness, 
contentment, optimism, 
joy, excitement, surprise.    

Survey Self-reported experience Richins, 1997 

Pleasure, arousal Online experiment, 
survey 

Virtual Shopping 
experience 

Ainsworth and 
Ballantine, 2014 

Arousal Review of various 
studies employing EDA 
measures 

Various settings both in 
labs and in retail outlets 

Caruelle, Gustafsson, 
Shams, Lervik-Olsen, 
2019 

Pleasure, arousal Survey Real time experience De Nisco and Warnaby, 
2014 



 
3. Method 
3.1 Research design 
Past studies in experimental psychology highlight the link between emotions and human facial 
reaction (expressions) (Eckman and Friesen, 1975, 1978). In other words, emotions can be 
revealed (and identified) through the facial expressions. Six distinctive fundamental emotions 
have been identified that are linked to facial expressions: anger, disgust, fear, happiness, 
sadness, and surprise (Eckman and Rosenberg, 1997; Kohler et al., 2004). Of these emotions 
linked to facial expression, we chose happiness and sadness as exemplars. Customer experience 
has become an important topic of study. Happiness conceptually contributes to positive 
experience (e.g., Brakus et al., 2009; Dennis et al., 2014) and, conversely, we expect that 
sadness will contribute to a negative experience as ‘unhappy’ and ‘melancholic’ (synonyms of 
‘sad’) are opposite anchors to positive affect in environmental psychology scales.  Interviews 
and surveys (usually collected sometime after the experience) are commonly used in retail 
research for identifying emotions (e.g., Dennis et al., 2014). Retail survey research often 
considers arousal (e.g., Das and Varshneya, 2017; Kim and Fesenmaier, 2015) and 
occasionally dominance and other emotions (e.g., Machleit and Eroglu, 2000) (Table 2) but 
happiness (reflecting pleasure) is central to affective experience and most clearly distinguished 
in facial expressions. As much emotion processing happens below the level of conscious 
awareness, interviews and surveys that involve conscious or self-reported techniques for 
evaluating emotional responses may not be the most reliable way to capture human’s emotions 
(Marci and Murray, 2017). In contrast, the human face, which represents one of the most 
important non-verbal means of communication, can divulge unsolicited information about a 
person’s emotions (Popa et al., 2017).  
Over the past few years, a stream of research has evolved demonstrating the technical aspect 
of operationalizing facial analysis in images and the development of successful ad-hoc software 
applications capturing individuals’ emotional states via images (e.g., Kim and Stepchenkova, 
2015). Although researchers have analysed images using machine learning (e.g., Matz et al. 
(2019), and customers’ emotions in response to (e.g.,) ads (Teixeira, Picard and el Kaliouby, 
2014; see Clark et al. 2020 for a systematic review), we are unaware of any retail studies that 
have evaluated customers’ emotions by analysing facial characteristics. This is notwithstanding 
that machine learning has been acquiring attention as a new approach for complex analysis 
(e.g., big data analytics for marketing intelligence) (Ahani et al., 2019; Kuhl et al., 2020; 
Humphreys and Wang, 2018; Pantano et al., 2019; Bradlow et al., 2017; (Matz et al., 2019; 
Peng et al., 2019; Pantano and Stylos, 2020; Villarroel et al., 2019; Srivastava and Kalro, 2019).  
Due to the exploratory nature of the present research, the methodology is based on a two-step 
approach that involves: (i) the development of a classifier machine able to recognize 
customers’ expressions portrayed in pictures and understand the specific underlying emotions 
that they are presenting in terms of happiness or sadness, as an exemplar new tool for new 
analytics of customers’ behaviours (Study 1); and (ii) interviews with retail practitioners to 
investigate the value that such a system can add to retail strategies and practices (Study 2). To 
this end, the research first builds and tests machine learning algorithms to detect the emotions 
from static images, then, second collects retailer managers’ responses towards the use of this 
system. In other words, the research demonstrates to retailer managers the feasibility of the 
system as exemplar methods that they could put into practice and collects their responses in 
form of a set of in-depth interviews.  
 



3.2 Study 1: Classifier machine development for emotional analytics 
3.2.1 Classifier machine settings 
The study starts with the collection of generic images of people to build, train and test the 
system, followed by its application on images taken by customers in a specific retail setting. In 
particular, the emerging classifier machine recognizes customers’ faces on images and 
identifies two fundamental emotions (happiness and sadness). A specific machine learning 
algorithm that classifies/assigns the label ‘happy’ or ‘sad’ to each element of a certain set of 
data consisting of customers’ pictures taken in a particular location (in this case, a specific 
large luxury department store in London, UK). 
This study collected images from shoppers’ own photos posted on the social media app Flickr, 
selecting this platform as pictures on this site are freely accessible to the public, including 
researchers.  
Figure 1 explains the process we used to develop the classifier machine, from the image 
collection (for training and analysis) to the results (emotions in facial expressions detection). 

 
 

Figure 1: Classifier machine development 
 
The images comprised a set of elements belonging to a set I which was the input to a classifier 
machine m that assigns a unique label to each element (continuous or discrete): 
 

(1) 𝑚𝑚:𝐼𝐼→𝑆𝑆 
In other words 

(2) 𝑖𝑖𝑖𝑖𝑖𝑖→(𝑖𝑖)𝜖𝜖𝜖𝜖 
 
If 𝑆𝑆⊆ℝ, where ℝ includes real number, thus m is a classifier with real values, while if 𝑆𝑆⊆𝑍𝑍, 
where 𝑍𝑍 includes relative numbers, m is a classifier machine with discrete values. In this study, 
we limit our analysis to discrete values.  
If consider 𝑆𝑆𝑆𝑆⊂𝐼𝐼 the set of elements of 𝐼𝐼 to guarantee (𝑥𝑥)=𝑠𝑠𝑖𝑖, ∇𝑥𝑥𝑥𝑥𝑥𝑥𝑖𝑖, thus the elements of 𝑆𝑆𝑖𝑖 
will be part of 𝐼𝐼, in other words we have to impose that the classifier machine assigns a unique 
label to each element of 𝐼𝐼: 
 
(3)     𝐼𝐼=𝑆𝑆𝑎𝑎∪𝑆𝑆𝑏𝑏∪⋯∪𝑆𝑆𝑛𝑛  
Where 𝑆𝑆={𝑎𝑎, 𝑏𝑏⋯𝑛𝑛} 
 



For this study, we also limit the identification of emotions to happiness or sadness, assigning 
the value 1 to “happy” and 0 to “sad”, in other words 𝑆𝑆={0,1} is the output of the system 
attributing the label of 1 or 0 (happy or sad) to each element (to each face included in the 
pictures composing the data set). Thus, the machine learning output would be a binary one able 
to identify the hyperplane in two regions, in order to guarantee that each element of the 
hyperspace that belongs to that set will get the unique label (each element will be assigned only 
to a specific region of the hyperspace).  
For convenience, the present study uses only images with dimensions of 80x80 pixels, thus the 
matrix A of elements 𝑎𝑎𝑖𝑖𝑖𝑖 will have 80x80 elements (this means that the images will be 
reduced/enlarged accordingly): 
 
(4)     𝐴𝐴=(𝑎𝑎𝑖𝑖𝑖𝑖), 𝑖𝑖=1, 2⋯80, 𝑗𝑗=1,2⋯80 
 
Where 𝑎𝑎𝑖𝑖𝑖𝑖 represents a particular colour in RGB format.  
Thus, the elements to be classified are 𝐴𝐴𝐴𝐴𝑍𝑍80𝑥𝑥80.  
This research employs a supervised machine, thus the set 𝐼𝐼 whose elements already have a label 
can be used to train the classifier machine in order to assign to each element of 𝑍𝑍80𝑥𝑥80 the label 
(1 or 0).  
 
3.2.2 Data settings 
In order to analyse a large number of images containing different colours, brightness, and 
lighting and with one or more persons, the software Wolfram Mathematica allowed the 
automatic import of 400 pictures available freely on social networks (thus these pictures, not 
related to any specific location, comprise the initial database used only to test the algorithm). 
Subsequently, the function “FindFaces” facilitates the extraction of faces from each image. 
Wolfram Mathematica can use images as input and extracts all the faces of people through a 
set of boxes, while the function “ImageTrim” uses as input the output of “FindFaces” and 
compartmentalizes each face in a different image, by composing the data set (Figure 2).  
 

 
 
Figure 2: Example of photo extraction process (on the left-hand side the image, on the right the 
extracted face, no other faces are clearly recognizable in the figure). 
 
Since the resulting images have different sizes, the images have been cut and adjusted in order 
to constitute a homogenous set of data (in this case the chosen format is 80x80 pixels). Drawing 
upon the work of Eckmann and Friesen (1975, 1978), who described happy and sad emotions 



through specific patterns of faces, the system extracted 467 faces from the initial data set; 150 
of those images clearly portrayed happy faces and 150 sad faces. Thus, the emerging 150+ 150 
faces formed the set 𝑍𝑍80𝑥𝑥80. 
  
3.2.3 Classifier machine building 
Wolfram Mathematica creates a “table of rules” with the elements that should get the label 1 
or 0 (Pantano et al., 2017), which consists of the faces. The software imports the “table of 
rules” and provides as output the classifier machine, developed through the command 
“Classify”. In particular, the system provides the following classifier function: 
 

(5)          𝑚𝑚: 𝑍𝑍80𝑥𝑥80 → {0,1} 
 
In this case, the software selected the method “NearestNeighbors” (k-nearest neighbours 
algorithm) among the possible ones, as the most convenient one of the available algorithms, 
being one of the main systems used in pattern recognition (Datta et al., 2016). 
 
3.2.4 Validation of classifier machine and results 
To test the functioning of the classifier machine we created two sets of images with faces, ‘H’ 
including happy faces and ‘S’ including sad faces. Since the machine learning algorithm is 
supervised (in other words the machine learns to classify elements through training), 
researchers manually assigned labels to the faces and compared the results with the labels 
generated by the machine. In the case of H, the system properly identified the happy faces in 
82% of the selected images, and in the case of S, 86%, which means that the overall reliability 
of the system is above 80%.  
To further test the validity of the algorithm, we adopted the same procedure suggested in the 
validation of textual analysis (Humphreys, 2010). In other words, a stratified random sampling 
has been adopted to ensure that the classes (happy and sad) are reflected consistently across 
the faces dataset, by considering 10% to 20% of the total faces for each class (category). In this 
case, for each emotion 12% of the total number of faces was considered by three independent 
researchers (experts in consumer behaviour but not in psychology nor consumer science), and 
manually assigned a label to the faces and compared the results with the label generated by the 
machine by three independent researchers. The results confirmed the robustness of system 
prediction for sadness in 86% of faces, and happiness in 82%. 
Considering this value as acceptable, the emerged classifier machine can be applied to 
customers’ images with particular characteristics, and the original database for building and 
testing the algorithm deleted. 
We next built a new database consisting of the pictures referred to a specific location, a large 
luxury department store in London (UK). To this end, we wrote a web app in PHP and 
JavaScript format. To increase the speed of implementation of the web app through the usage 
of API we used a wrapper (written in PHP: phpFlickr available at https://github.com/dan-
coulter/phpflickr) which allows the use of all the methods available through Flickr API 
(including visualization, uploading, downloading, etc.). Flickr API allows selection of the 
available pictures from a specific location (as each picture uploaded on Flickr includes the 
reference to the specific geographic position where taken). We collected 1,2361 pictures, from 
which the system extracted 887 faces. When the classifier evaluates a face, it assigns to each 
                                                        
1 Please, note that each image might include more faces, similarly some pictures might not include faces. 

https://github.com/dan-coulter/phpflickr
https://github.com/dan-coulter/phpflickr


one a certain probability p of happy/unhappy. If p>0.5, the face is evaluated as happy, 
otherwise unhappy. Figure 3 shows how the algorithm recognizes the different points on the 
face to assign the label (happy/sad). 
 

 
Figure 3. The points systematically detected on the face to assign the label of happy/unhappy. 
 
The machine identified 67.9% as happy faces and 32.1% as sad faces. These results 
demonstrate that the algorithm can satisfactorily detect two fundamental emotions in customers 
(static) images. As expected from pictures voluntarily posted online, the majority of the faces 
were happy. The robustness of the results is further evaluated by the Accuracy Rejection Plot 
(Figure 4), which reports the accuracy of the results against the rejection rate. Specifically, if 
considering the accuracy of .78, the system identifies properly the 100% of the faces (rejection 
rate 0); while with the accuracy of 0.8 the system identifies properly the system identifies 
properly the 98.02% (rejection rate 0.08). 

  
Figure 4. Accuracy Rejection Plot. 
 
Although this system used a pre-built data base consisting of pictures posted online by 
consumers, thus implying a conscious emotional response to the retail environment, the input 
of an automatically generated database with pictures systematically extracted by internal 
camera would produce similar results, with the benefit of capturing non-conscious emotional 
responses. Thus, one additional algorithm would replace the input dataset with an automatically 
generated collection of pictures. 
 
 



3.3 Study 2: Retailer managers’ responses  
3.3.1 Method 
In order to explore the practical implications of the algorithm we carried out 13 in-depth 
interviews with senior retail managers and consultants in the UK. Respondents were selected 
via purposive sampling based on a snowballing approach and consisted of managers of major 
retail stores and shopping centres, plus consultants providing new technology solutions to 
major retail groups. Prior to the discussion, the interviewer presented to each participant the 
results of Study 1 to enhance their understanding of customers’ emotions in general and the 
context of this study in particular, to facilitate the discussion on the topic with a particular focus 
of the practical implications of the results related to the collection of information regarding 
customers’ emotions. Table 3 provides information regarding the profile of the interviewees. 
The interview protocol (Table 4) included four main areas of discussion, focusing on the 
operations of the retailers represented by the interviewees related to collecting customer 
information in general, and information regarding customers’ emotions in particular; their 
beliefs and perceptions of the use of such information; the practicalities of using such systems; 
as well as the main advantages and disadvantages. A quantitative content analysis method was 
employed to analyse the transcriptions of the interviews, facilitated by QDA Miner with its 
WordStat extension. The documents were prepared for analysis by removing punctuation as 
well as words not relevant to the study. Co-occurrence analysis of two words, based on 
Jaccard’s Index similarity, generated a concept mapping and proximity plot to visualise the 
relationships between the concepts whereas frequency analysis was carried out to show the 
importance of each topic, reported in a dendrogram (Figure 5). To validate the results of the 
study, invitations for follow up interviews were sent to respondents in order to discuss the 
interpretation of the results and their implications (Rowley, 2012; Longoni and Cagliano, 
2018). Three of the respondents representing various roles and organisations (respondents 3, 
6, 9 in Table 3) responded that they wish to participate in further discussion and therefore they 
were invited to an interview. Prior to the interview, respondents were sent a copy of the results 
and during the interviews they were invited to comment on the findings from the initial round 
of interviews.  
 

 Role Organisation 
1 Retail Manager  High street retailer 
2 Managing Director Retail Research Intelligence 
3 Director Shopping Centre 
4 Director of Strategy Shopping Centre 
5 Head of Customer Experience Shopping Centre 
6 Sales Operation Manager Department Store 
7 Director Retail Consultant 
8 Commercial and Digital Director Shopping Centre 
9 Retail Manager Retail Consultant 
10 Managing Director Retail Consultant 
11 Media Director Department Store 
12 Director Shopping Centre 
13 Digital Media Manager Shopping Centre 

Table 3: Participants Profile. 
 
  



 
Topic Questions 

Opening question Can you please explain to us the degree to which you 
collect data about customers? How do you use this 
data? 

Retailer’s perception of algorithms recognising 
emotions to collect data 

Do you collect any information about the emotional 
responses of your customers? Would you consider this 
area as important? If yes, why? (or if no, why not). 
Can you please provide your opinion about software 
collecting information about emotional responses 
similar to the ones that we use in this project? How 
would such systems be useful? To what extent do you 
consider that emotional responses of customers affect 
the positive image of the store and customers’ 
behaviours such as time and money spent shopping? 

Usage of data collected with algorithms recognising 
emotions 

To what extent would you use such systems in your 
store? How would you use data collected through such 
systems? 

Wrap up Do you have any other comments about such systems 
or the emotional responses of your customers that you 
would like to share with us? What are their 
benefits/drawbacks?  Do you have any concerns about 
such systems? 

Table 4: Interview Protocol. 
 

Term Frequency Number of 
cases 

TF*IDF 

Customer 101 11 0.0 
Customers 78 10 3.2 
Experience 42 8 5.8 
Feeling 40 8 5.5 
Footfall 39 7 7.7 
Emotion 28 6 7.4 
Recognition 26 9 2.3 
Service 24 7 4.7 
CCTV 16 6 4.2 
Twitter 14 4 6.2 
Instagram 13 3 7.3 
Mobile 11 4 4.8 
Facebook 10 5 3.4 
Sad 10 4 4.4 
Privacy 10 4 4.4 
Perception 10 3 5.6 
Floor 9 6 2.4 
Dwell 9 5 3.1 
Follower 9 3 5.1 
Purchase 8 5 2.7 
Smile 8 4 3.5 
Entrance 7 5 2.4 
Trial 7 5 2.4 
Interaction 7 4 3.1 
Email 6 4 2.6 
Feed 6 5 2.1 
Happiness 6 5 2.1 
Measurable 6 3 3.4 
Utilise 6 1 6.2 
Weekly 6 2 4.4 
Busy 5 3 2.8 
Complaint 5 3 2.8 
GDPR 5 3 2.8 
Honest 5 3 2.8 
Incentivise 5 3 2.8 
Promotion 5 3 2.8 

Table 5:  Frequency of the main concepts identified in the interviews. 
 
  



3.3.2 Results and discussion 
In the initial step of the analysis the interviews transcripts were cleaned to cancel potential 
noise in the results by removing common unrelated terms that participants mentioned during 
the interviews (e.g., words such as ‘the’, ‘is’ and so on) aiming to increase the validity of the 
subsequent text mining exercise) (Kobayashi et al., 2016). The analysis identified 36 concepts 
presented in Table 5 based on the frequency that these terms were mentioned during the 
discussions. The term frequency–inverse document frequency (TF*IDF) statistic was 
calculated to indicate the importance of each concept as raised during the discussions by the 
respondents (Qaiser and Ali, 2018; Pantano and Stylos, 2020). For reasons of brevity, Table 6 
provides indicative quotes from the interviews representing the concepts. 
 

 
Table 6: Indicative quotes of the concepts and the potential practical implications emerging 
from the interviews. 
 

Concept Indicative quote 
Busy “I guess, to us is an ability to undertake large scale video analytics in very busy spaces” 
Footfall “What you also might do is decide that you’re gonna look at people’s reactions and people’s 

footfall to make decisions on where you might put your prime products, or prime brands” 
Incentivise “And I think actually understanding whether they’re happy, sad or indifferent wouldn’t be as 

important to us once they’re in the store because they’re in the store and then it’s down to the 
products, the branding and the staff in there to try and incentivise and encourage them to buy” 

Utilise “You could really monitor your immediate impact if someone walks past your store if you’ve 
got a really great window display and they stop you know that you’re onto something and you 
can then utilise that data to say why did that window display work brilliantly” 

Sad “How many of those people walked in again I don’t know if you’d be able to do it, happy, 
sad, indifferent” 

CCTV - 
Entrance 

“As long as it can be delivered without it costing an absolute fortune, as long as it’s got 
scalability, so, you know, if you are a department store, let’s say, as long as the cost just 
doesn’t become prohibitive and if you can feed it off existing technology.  So, you know, 
many retailers have internal and entrance CCTV coverage.  So, if you could build the solution 
from an existing technology base, then the only cost is in, really, the software and the analytics.  
So, it should become commercially viable” 

Facial 
Recognition 

“The other thing which we’re looking at from a security point of view is linking into facial 
recognition” 

Emotions – 
Feelings 

“Shopping is really a quest for pleasure and gratification, and it’s largely unmeasured at the 
moment, other than in a sort of anecdotal and qualitative way.  But if it can be made more 
precise, then I think that could be proved, and that could be measured, one would be able to 
compare one product with another on a level of gratification which it delivered” 

Measurable - 
Dwell 

“Track eye contact [with products] … measure the number of seconds of eye contact” 

Privacy - 
GDPR 

“I would also be cautious of the disadvantages I mentioned such as public perception because 
I think once you start talking about analysing someone’s emotions it could become an 
intrusion of privacy to certain people” 

Honest - 
Feedback 

“In order to capture the responses of customers you’re not relying on self-reported comments, 
but you see their real reaction, their real-time reaction on things that are on display… eyes 
don’t lie” 
 

Complaint “We're always instinctively driven to trying to have a feedback loop to better improve, but 
there's nothing wrong with merely having another form of customer feedback, which might 
be an indirect one.  As opposed to people actually looking at complaints coming through, a 
lot of people who are unhappy don’t take the step to actually physically complain.  So, it could 
just be part of the KPI matric, that could be quite a valuable tool” 



A cluster analysis based on the Jaccard similarity index grouped the concepts which were 
identified by the initial analysis based on the occurrence of the concepts in the interviews 
(Shikalgar and Dixit, 2014). The process generated a dendrogram which on the vertical axis 
has the concepts while the branches on the horizontal axis represent the clusters formed during 
the procedure (Figure 5). The clusters were respectively labelled: (i) Space Optimization, (ii) 
Profiling, (iii) Promotions, (iv) Privacy, (v) Shopping Behaviour, (vi) Customer Feedback and 
(vii) Customer Relationships, leading to the construction of a comprehensive customer 
emotions analytics practical implications index. The index represents the retail operations that 
can be enhanced by customer emotions analytics according to the retail professionals who 
participated in the study.  
 
 
 

 
 
Figure 5: Customer Emotions Analytics Practical Implications Index.  
 
Space Optimization 
Space Optimization represents one of the main retail operations that can be facilitated by the 
classifier machine. According to the respondents, the algorithm can inform the design of a retail 
space by identifying the busy areas as well as areas in which customers may feel less happy 
based on their facial expressions. Therefore, the algorithm can facilitate the creation of a 
heatmap of a retail space and managers can take appropriate action to incentivize customers 
for a better use of such spaces.  
  



Customer Profiling 
Customer profiling is another retail operation that can be informed by the classifier machine as 
the algorithm can facilitate the identification and tracking of customers within a retail space. 
An appropriate positioning of a device utilising the algorithm at the entrance of a retail space 
(e.g., CCTV) can be used in order to evaluate customers’ perceptions of a particular retail space 
or service (i.e., in front of the automatic cash desks or fitting rooms). This can provide a clearer 
picture to retailers about specific demographic characteristics of the customers such as gender 
and age as well as information about their emotions. Therefore, retailers can segment customers 
emotional reactions based on their demographic characteristics.  
Shopping Behaviour 
Shopping Behaviour research is a retail operation that can also benefit from the utilization of 
the classifier machine. The algorithm can be used to measure the dwell time as customers can 
be traced when they enter and leave a retail space and retailers can take appropriate actions to 
increase the time and subsequently the money that customers spent. 
Promotions 
The ability of the classifier machine to identify customers’ emotions utilised in real time can 
inform the promotional strategy of a retailer. The information regarding customers’ emotions 
can be used to trigger weekly promotions that may change customers emotional responses in 
times of the week which perhaps customers are less happy.  
Customer Feedback 
The classifier machine can also facilitate another major retail operation, namely the collection 
of customer feedback. The algorithm has the ability to collect spontaneous, unsolicited 
feedback about products or retail installations by capturing customers’ emotional responses 
when they are exposed to them. Therefore, retailers do not need to rely on (possibly biased) 
self-reported questionnaires for the collection of this information. For example, a camera could 
be installed in an area where a product is sampled in order to assess the emotional response of 
the customers to a new product.   
Customer Relationships 
Customer relationships management is an additional retail operation that can be facilitated by 
the classifier machine. By using images that customers who follow retailers on social media 
such as Facebook, Twitter and Instagram upload on these platforms, retailers can assess their 
emotional reactions, which could help with addressing customers’ complaints or enhancing 
communications with customers via asocial media or emails.  
Customer Privacy 
The utilisation of such classifier machines within retail spaces also highlights the need for 
careful design of retailer operations to protect customer privacy in general and address 
customers’ perceptions of their privacy in particular. The discussions with the retail 
professionals revealed that protections of customer privacy should be at the core of any 
operation developed to facilitate interactions with customers aiming to enhance their 
experiences in the retail space, to collect information regarding their behaviour (e.g., 
purchases) or their attitudes towards a retailer.  This issue has recently become very important 
with the introduction of related legislation such as the General Data Protection Regulation 
(known as GDPR) which has modernized laws across Europe that protect the personal 
information of individuals, was introduced into the EU in 2018 and remaining in UK law after 
Brexit. 
  



Follow-up Interviews 
The results were further discussed in follow-up interviews with three respondents aiming to 
increase validity. During the follow-up interviews, respondents highlighted the important role 
of the system in enabling retailers collecting information regarding the emotional response of 
customers to their shopping experience. Specifically, respondents highlighted the role of the 
emotional response of the customers based on the time spent in store as well as the areas of the 
store which are of particular interest for customers. This facilitates the better understanding of 
the information on how customers utilise the retail space which facilitates retailers’ planning. 
Of particular importance for retailers was the implications on customer privacy and the 
compliance with the respective legislation. 
 
4. Conclusion  
4.1 Academic contribution 
Building on the importance of emotion in strategic management research (Daniels, 1998; Goss, 
2008; Lewis, 2008; Delgado-Garcia et al., 2010), with emphasis on the importance for 
managers of understanding consumers emotional responses to certain organizational behaviors 
(i.e., service failure, reputation, green campaigns, etc.) (Schoefer and Diamantopoulos, 2009; 
Walsh et al., 2016; Kohli et al., 2021), this study elaborates the importance of evaluating and 
managing emotions with new metrics that particular stakeholders (customers) might feel when 
interacting with the retail organization. Specifically, our research aims to explore the match 
between the supply of new analytical tools and retailers’ demand for new tools to capture 
customers’ emotions. In doing so, our study developed an exemplar system to examine 
particular kinds of visual information emerging from customers’ generated images such as 
emotion identification as a result of facial recognition applications. Our findings reveal that the 
analysis of affective, emotional responses can be made more objective by avoiding the potential 
bias of self-reported behaviour. Indeed, our system can more accurately measure desired 
outcomes by using information produced by spontaneous reactions of customers. Our study 
can also access hedonic responses expressed as emotional reactions by using visual cues rather 
than cognitive cues such as text. This approach is more consistent in comparison with previous 
studies that have analysed large data sets of text in pursuit of the same outcome (Sheng et al., 
2019; Srivastava and Kalro, 2019). Our findings confirm that emotion detection technology 
might help managers to understand customers’ emotional states in retail settings, by 
synthetizing the nature of consumption experiences, and reply accordingly to improve retail 
service. In this way, this study responds to the recent calls for research into the role of new 
forms of analytics able to better support organizations to respond quickly to environmental 
changes (Sena et al. 2017; Sheng et al., 2019), with new emotional analytics.  
The two studies also highlight the important wedge between the role of technology in 
understanding customers’ emotion as tool to evaluate their experience, and effective managers 
preparedness to embrace this kind of technology. It is important to contrast the 
happiness/sadness emerging from the experience with retailers’ abilities to react to 
positive/negative emotions to avoid backfire effects.  
Despite a number of studies soliciting the adoption of new tools to measure customers’ 
responses and their dramatic changes in marketing retail management (e.g., Ahani et al., 2019; 
Bradlow et al., 2017; Kuhl et al., 2020; Matz et al., 2019; Pantano and Stylos, 2020; Peng et 
al., 2019; Srivastava and Kalro, 2019; Villarroel et al., 2019), our findings suggest that retailers 
still experience reservations on adopting this kind of system. However, the involvement of 
retailers demonstrates the potential managerial implications of the adoption of such tools in 



terms of (i) (retail) space, (ii) (customers’) profiling, (iii) promotions, (iv) (risks to) customers 
privacy, (v) shopping behaviour, (vi) customers’ feedback and (vii) customer relationships (see 
Figure 3). Thus, this research also emphasises the importance for managers of a rapid 
understanding of consumers’ emotions, which would result in competitive advantages. 
However, one of the main disadvantages identified by retailers regarding the use of images to 
analyse customers’ emotions concerns privacy, in particular after the introduction of tighter 
restrictions in Europe and the UK (GDPR) and reinforced by the Centre for Data Ethics and 
Innovation in the UK that highlight similar concerns. Hence, our study builds on a stream of 
literature focusing on customer privacy (Batistic and van der Laken, 2019; Aiello et al., 2020; 
Hilken et al., 2017; Martin and Palmatier, 2020), by highlighting the need for retailers to 
consider this aspect in their operations, and by suggesting that data privacy initiatives should 
be proactively incorporated into retail strategies. Our study suggests that by taking the 
necessary actions to protect customer privacy when incorporating face recognition systems in 
strategies, retailers can gain important information that can shed light on the overall customer 
journey building upon relevant calls in past literature (Martin and Palmatier, 2020). Indeed, 
our work also contributes to the current discussion on data privacy by introducing an additional 
dimension, i.e., data privacy issues related to information about customer emotional responses 
in stores as past research on customer privacy focuses on information related to transactional 
data that organisations collect during purchases.  
 
4.2 Implications for retail managers 
From a practical point of view, our system automatically distinguishes consumers’ 
positive/negative emotions from face detection, without the need for tedious, potentially 
biased, human input. Results should be more realistic than those obtained through simulations, 
self-reported or after-the-event questionnaires. Our findings suggest important implications for 
retailers who can implement emotion analytics in their management strategy, as outlined in the 
framework in Figure 6.  
 



 
Figure 6: Implementation process for retailers: a new framework to integrate consumers’ 
emotional analytics. 
 
Specifically, the system for emotion analytics should be integrated with existing security 
systems and tracking systems, and privacy procedures. In other words, to address the ‘Privacy’ 
cluster and concerns, retailers should not retain individuals’ data from emotion tracking, as 
retaining such data could be construed as retaining customers’ personal information. Rather, 
the algorithms utilized should, as in the case demonstrated in this paper, measure only limited 
dimensions of facial characteristics that are not identifiable as an individual. These should be 
aggregated in real time rather than stored, so that the data stored contains only the probability 
of customers in the specific context having the specific emotional state, rather than data 
concerning any specific individual(s). Similarly, Current systems are available that capture data 
on customer characteristics. For example, some digital signage installations contain a system 
cam, as with the emotion-recognition system explored in this paper, measure limited 
dimensions of facial characteristics, which are used to predict the likelihood of the viewer being 
a particular gender, ethnicity, and age range. Similar to our suggestions for emotion 
recognition, the system does not store data on any specific individuals. We therefore propose 
that retailers can amend the algorithms of such systems to include emotion recognition in the 
analysis and output. To this end, managers can integrate and combine a suitable processor with 
the existing internal security or customer tracking cameras, these could be used to gather and 
aggregate data on customer emotions. Indeed, as customers are familiar with being observed 
by security cameras, custom ‘cameras’ can be placed around the store. These can be placed at 
specific locations for testing the efficacy of experimental shopping environment tactics such 
as décor, lighting, colour, aroma, or music. Some retailers have custom ‘cameras’ around the 
store to measure footfall and dwell time in specific areas, which may be similarly utilizable.  
Results from emotion analytics would help retailers to monitor consumers’ variations in 
emotions (from happy to sad and vice versa) and understand (learn) the specific circumstances 



leading to these changes. This process should help define the strategies able to get more “happy 
customers”. Finally, this process will result in better ‘Space Optimisation’. Indeed, the data 
produced could inform marketing communications such as social media campaigns. For 
example, communications could play up merchandise categories, linking to positive emotions, 
or alternatively, help to address and ameliorate negative emotions, related to the ‘Promotion’ 
and ‘Customer Relationships’. Also, measuring customers’ (aggregate) positive and negative 
emotions at specific parts of the store/atmospheric experiences or to specific merchandise 
provides objective, unsolicited ‘Customer Feedback’.  
All of the above data-gathering suggestions could be extended to gather aggregate information 
on customer characteristics such as age, gender, and ethnicity, associated with the ‘Profiling’ 
cluster. 
 
5. Limitations and suggestions for future research 
Our study proposes just one system as example of how to take into consideration two emotions 
out of the six fundamental ones identified by Eckmann and Friesen (1975, 1978) as happiness, 
sadness, disgust, surprise, fear, and anger. Future studies might focus on the development of 
new machine learning algorithms for the identification of a larger spectrum of emotions, in 
order to provide more detailed insights to support retailers. Similarly, future studies might 
consider neuromarketing and neuroscience approaches to understand what stimuli lead to 
certain emotions, by analysing the cognitive process inside human brain driving a certain facial 
expression. Also, other forms of non-verbal communications as gesture and body language 
might be considered, and triangulated with verbal communications as consumers’ ratings and 
rankings of a specific experience. Moreover, our system works only with static images, 
measuring a certain emotion in a specific moment of the shopping experience. Future studies 
might improve our systems in order to consider more images to show the changes in the facial 
expressions and provide a more comprehensive overview of the full shopping experience. 
Our research extracted customers’ emotions from facial expressions from pictures posted 
voluntarily online, thus it limits the analysis in this paper to only conscious emotional 
consumers’ responses. However, the real-time access to non-conscious emotional response can 
link in to the retailer’s internal cameras system (e.g., CCTV or customer tracking) or ad hoc 
cameras located in certain areas of the store (e.g., on the storefront window, or in front of the 
cash desks, etc.). Future studies might embrace the emerging privacy issues, and understand 
under what circumstances customers would be willing to accept this kind of data collection, 
and if the usage of this data collection would change consumers’ attachment to the retailer.  
Finally, our study does not distinguish retailer managers in different subsectors; future studies 
might explore the extent to which retailers’ willingness to adopt certain systems might vary 
according to the specific subsectors (i.e., luxury, grocery, etc.). 
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