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Abstract

Purpose — A vast body of literature has documented the negative consequences of stress on employee
performance and well-being. These deleterious effects are particularly pronounced for service agents who need
to constantly endure and manage customer emotions. The purpose of this paper is to introduce and describe a
deep learning model to predict in real-time service agent stress from emotion patterns in voice-to-voice service
interactions.

Design/methodology/approach — A deep learning model was developed to identify emotion patterns in call
center interactions based on 363 recorded service interactions, subdivided in 27,889 manually expert-labeled
three-second audio snippets. In a second step, the deep learning model was deployed in a call center for a period
of one month to be further trained by the data collected from 40 service agents in another 4,672 service
interactions.

Findings — The deep learning emotion classifier reached a balanced accuracy of 68% in predicting discrete
emotions in service interactions. Integrating this model in a binary classification model, it was able to predict
service agent stress with a balanced accuracy of 80%.

Practical implications — Service managers can benefit from employing the deep learning model to
continuously and unobtrusively monitor the stress level of their service agents with numerous practical
applications, including real-time early warning systems for service agents, customized training and
automatically linking stress to customer-related outcomes.

Originality/value — The present study is the first to document an artificial intelligence (Al)-based model that
is able to identify emotions in natural (i.e. nonstaged) interactions. It is further a pioneer in developing a smart
emotion-based stress measure for service agents. Finally, the study contributes to the literature on the role of
emotions in service interactions and employee stress.

Keywords Customer service employees, Call center service interactions, Speech emotion recognition, Stress
detection, Deep learning, Artificial intelligence
Paper type Research paper

Work stress is widely regarded as the central cause of a myriad of deleterious critical
organizational and personal health consequences (Cropanzano et al, 2003; Ganster and
Rosen, 2013; Halbesleben and Bowler, 2007; Wang, 2005). For instance, it is associated with
absenteeism (Grandey et al, 2004), under-performance and turnover (Wright and

The authors would like to thank the participating companies for providing access to their data as well as
all service agents for their dedication in coding the customer service interactions.

Funding: This research was supported by the Province of Limburg, The Netherlands, under grant
number SAS-2019-00247.

Service agent
stress from
emotion
patterns

581

Received 1 June 2019
Revised 1 November 2019
13 May 2020

24 July 2020

Accepted 28 August 2020

C

Journal of Service Management
Vol. 32 No. 4, 2021

pp. 581-611

© Emerald Publishing Limited
1757-5818

DOI 10.1108/JOSM-06-2019-0163


https://doi.org/10.1108/JOSM-06-2019-0163

JOSM
324

582

Cropanzano, 1998), burnout (Maslach and Leiter, 2016) and negative cardiovascular
responses (Vrijkotte ef al, 2000). Customer service agents (hereafter “service agents” for
brevity) in particular must pay a high toll for constant exposure to emotionally demanding
customers and required adherence to organizational display rules in the form of heightened
stress levels (Dormann and Zapf, 2004; Grandey et al., 2007). A plethora of research has
investigated the cause-and-effect relationships underlying work stress (e.g. Alarcon, 2011,
Eatough et al, 2011), yet the field has repeatedly reiterated calls for more forward-looking and
innovative studies creating actionable insights for managers and employees in order to avoid
the negative consequences of stress (Bliese et al., 2017).

With the advent of artificial intelligence (AI) and its capacity to learn to interpret human
behavior, new opportunities have surfaced to help organizations prevent the undesirable effects
of work stress, rather than merely to treat its symptoms. The first step toward preventing the
escalation of stress consequences lies in periodically monitoring it. At the moment, the most
universally accepted work stress assessment is performed using an employee self-assessment
(Stanton ef al, 2001). This measure was developed to circumvent the shortcomings of other self-
reported, behavioral or biological measures in terms of impracticality and intrusiveness. Yet, a
self-report measure still bears a range of limitations, as it only provides cross-sectional
information in a relatively obtrusive and highly subjective form.

To overcome these limitations, the underlying paper developed a deep neural network
(DNN) (LeCun et al.,, 2015) model as a real-time, early stress detection tool in voice-to-voice
service interactions. A DNN mimics the structure of a human brain and is composed of
multiple layers of artificial neurons. The multilayer structure ensures that neurons at higher
layers will activate when a combination of neurons at lower layers are activated, providing
the neural network the ability to recognize complex combinations of properties in a signal.
This study trained a DNN based on the most important stressors identified in prior service
management work: interpersonal stressors emanating from the constant exposure of service
agents to customer emotions and the related emotion regulation requirements (Baranik ef al.,
2017; Grandey, 2003; Grandey et al, 2007; Lewig and Dollard, 2003). Getting insights into
employee stress levels in real-time before they escalate would create a wealth of opportunities
for managers to combine this information with prevention and coping strategies, and create
better early stress detection alerting systems, customized employee training and cognitive-
behavioral interventions (Richardson and Rothstein, 2008).

Guided by the motivation to innovate and improve the assessment of service agent stress
to achieve the aforementioned benefits from a service research perspective and to broaden the
methodological repertoire of service researchers, this study addresses two main
methodological research questions. The first question relates to the modeling of a DNN to
handle sequences of emotions in an interaction. The second question concerns the further use
of the emotion patterns extracted from a recorded interaction to predict service agent stress.
The study describes how to use a neural network trained on speech emotion recognition
(SER) to perform stress prediction during a service interaction. Answering these questions
would also extend theories in the field of emotion analytics (Burkhardt et al., 2005; Busso et al.,
2008; Livingstone and Russo, 2018). To the best of our knowledge, no research so far has
attempted to develop and evaluate emotion recognition and stress detection deep learning
models that (1) are based on real human interactions, (2) take into consideration the sequences
of emotions in an interaction and (3) relate emotions to stress.

The remainder of the paper is structured as follows. It first provides a succinct review of
stress-related studies in call center service work, before discussing relevant related work on
SER and stress detection. It then describes the data and methodology and continues with
evaluation of the Al-based machine learning architectures. Finally, it links back the findings
to theory and service management practice. The list of acronyms used in this paper is
provided in the Appendix, in Table Al.



1. Theoretical background

A large yet fragmented body of work has examined service agent stress in a call center
context, mainly related to emotional labor and interpersonal stressors, and role stress. Call
center work is defined by constantly changing interactions with customers and tight
organizational display rules (Grandey ef al.,, 2010). The lack of autonomy paired with frequent
incidents of interpersonal stressors in the form of customer incivility has been identified as a
particularly toxic combination for the performance and well-being of service agents (e.g.
Gabriel and Dieffendorf, 2015; Ganster and Rosen, 2013; Rafaeli et al, 2012). Similarly
detrimental consequences have been reported for experiencing role stress (e.g. De Ruyter
et al, 2001).

Some effective organizational measures to counter or prevent service agent stress
identified in service management research include: providing display autonomy, such that
agents do not have to suppress their true emotions (Goldberg and Grandey, 2007), adopting
an empowered leadership style (De Ruyter et al,, 2001) and ensuring fair supervisor treatment
(van Jaarsveld et al, 2019). Another theoretically promising, yet practically challenging
provision is hiring service agents with a high level of trait optimism (Tuten and Neidermeyer,
2004). Also service management practice has replied to the challenge of service agent stress
using several technology-based innovations, including: adaptive hygiene factors (e.g.
adapting room temperature, lighting, canceling white noise), automatically filtering out
fraudulent incoming calls, scripting software and personalized dashboards to help track the
own progress (Call Centre Helper, 2017).

Irrespective of the precautions taken, eventually every service agent will encounter
interpersonal stressors in the form of difficult or uncivil customers. On the level of service
agents, engaging in emotion-focused coping is a frequently applied strategy to manage the job
stressors they encounter. While such reactions (e.g. seeking social support with coworkers,
avoidance or venting) may prove effective, some of them may ironically endanger service
quality if service agents behaviorally disengage from customers or infect them with negativity
(Goussinsky, 2012). In summary, the causes of and coping strategies for stress both revolve
around emotions, and reducing and managing stress is of central concern to service agents and
managers. Yet, even the latest technological innovations in service practice do not focus on the
detection of and personalized intervention for service agent stress. This leaves ample potential
for the deployment of state-of-the-art technology to help monitor service agent stress in real
time, while there is still time to counter its negative consequences (Bliese et al, 2017). The next
section reflects on relevant work in the field of SER and stress detection, with the aim of
providing the theoretical basis for such an innovative intelligent tool.

2. Speech emotion recognition and stress detection models

The main challenge of SER is to categorize a voice signal into an emotion with the help of
machine learning methods. Machine learning is a discipline aimed at exploiting data to create
a model of a process that a human cannot characterize otherwise. The main advantage of
machine learning with respect to standard engineering modeling is that it substitutes the step
of acquiring specialized domain knowledge with obtaining data describing the process or
system behavior of interest.

A machine learning data set may consist of vectors of numerical, ordinal and categorical
data which together comprise “features” to predict a target variable. If the target variable is
present in a machine learning process, the learning algorithms for the prediction are called
“supervised,” otherwise they are called “unsupervised.” The underlying study considers the
special case of supervised tasks dealing with predicting categorical target variables. Such a
supervised task is also known as a “classification task.” A learning algorithm is trained by
means of a training data set and an optimization objective suitable for the selected target.
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Typically, in addition to a training set, it is also necessary to specify a test set to discover how
well the algorithm performs with respect to unseen data. Thus, a machine learning process
implies the stages shown in Figure 1.

Features may represent basic properties associated with an item to be categorized (e.g.
columns in a table), or a combination of properties (e.g. a weighted average of the columns)
which may highlight the category of the item better than the basic properties in isolation. In
the latter case, a feature extraction process is applied on the data before the training of the
classification algorithm.

The most basic feature of a voice signal is the numerical value of the sequence
representing the encoding with which the voice is numerically recorded. In the case of
telephony and digital computers, the standard approach is to encode the analog voice signal
through a sampling rate and a bit depth. The sampling rate comprises the number of samples
recorded per second and the bit depth the number of possible digital values that each sample
can take. In addition to its encoding, a voice signal can be studied in the time domain, in the
frequency domain, or in both domains combined by decomposing the signal in its frequency
components (see Appendix, Figure Al). Extracting features from either domain may be
useful for the classification process (Masui and Wada, 2004). Research on emotion recognition
in speech can be broadly divided into traditional and more recent approaches. Within the
former, time-frequency features (e.g. Kleijn, 1991) are manually engineered by a domain
expert before being fed to a machine learning algorithm (Casale et al, 2008). The latter, in
contrast, rely on deep learning to automatically identify an optimal combination of time-
frequency features for the categorization task (e.g. Huang et al., 2019).

2.1 Speech emotion recognition

SER deals with the challenges associated with detecting emotions conveyed in speech. SER
unites two interrelated fields of inquiry; one pertaining to the features used to classify the
emotions, and one focusing on machine learning models. As with any machine learning task,
the use of rich features can help produce a superior result. Advanced machine learning
models, such as deep learning, may automate part or all of the feature extraction. From a
features perspective, SER evolved from considering only basic time-based features (e.g.
frequency of spoken words, amount of silences; Lehiste and Lass, 1976) to complex time-
frequency features such as the spectrogram of the speech signal (i.e. Huang et al,, 2019). From
the machine learning model perspective, until 2014 the focus has been on using standard
machine learning models (e.g. Casale et al., 2008), and afterward it increasingly shifted toward
using deep learning models, thanks to the introduction of graphical learning units that
allowed to speed up the training of such models (Chen and Lin, 2014).

Deep learning models of choice have been long short-term memories (LSTMs, see
Appendix, Section 3) (Hochreiter, 1998), for their ability to deal with long numerical sequences
and convolutional neural networks (CNN; see Appendix, Section 3.1), where numerical filters
in the form of matrices, or vectors, are multiplied by the original signal to retain features that
are relevant to the categorization to be performed. An interesting aspect of both LSTMs and
CNNs s is that, once trained, the network’s intermediate layers can be transferred to related
machine learning tasks using similar data, but different targets. Transfer learning (ie.
reusing a network on a different target) is in all effects an additional feature extraction
approach beyond the time-frequency human engineered features.

Most work in SER is based on staged conversations, where one or more actors are given a
set of sentences to reproduce with a specific scripted emotion. Following this schema, several
data sets have been defined to serve as benchmarks for emotion recognition performance,
such as IEMOCAP, EMO-DB and RAVDESS (Burkhardt et al, 2005; Busso et al., 2008;
Livingstone and Russo, 2018). IEMOCAP consists of 12 h of audiovisual data, in dyadic
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sessions performed by actors who improvise scripted scenarios and sentences of variable
lengths, each containing emotional responses such as anger, happiness, sadness and
neutrality. EMO-DB consists of 500 three-second utterances of actors emulating an emotional
tone (e.g. happy, angry, anxious, fearful, bored and disgusted). Finally, RAVDESS is
composed of 24 recordings of actors vocalizing two lexically matched statements of variable
lengths in order to produce calm, happy, sad, angry, fearful, surprised and disgusted emotion
expressions of different intensity (i.e. normal and strong).

While these data sets have advanced the SER field considerably, they present two
limitations. First, acted emotions may not present the same features as spontaneous
emotions. Second, the acted emotions are evenly distributed in the data set, which is an
unrealistic assumption in nonstaged conversations. More recently, first attempts at
classifying emotions have been undertaken to counter the main criticism toward staged
data sets, by focusing on data collected in spontaneous and natural settings (e.g. Huang et al,
2019). Table 1 provides an overview of the most important articles related to the underlying
study and visualizes its methodological contribution in the field of SER.

The feature extraction methods in Table 1 constitute time, frequency and transfer learning
to reflect the evolution of the SER field concerning the approach toward feature extraction.
The method column reflects the use of standard machine learning, deep learning or both, and
the data type column reflects the use of staged data versus realistic data.

2.2 Stress detection

Stress detection, like SER, is a field that is gaining momentum (Slavich ef al, 2019), in relation
to observable physiological signals (e.g. (Pisanski et al, 2018), or specifically to speech
(Szaszak et al., 2018). For instance, Paulmann ef al. (2016) explore how induced psychological
stress affects the production and recognition of emotions in speech. They further document
that stress is recognizable in a speaker’s voice even by non-native listeners, but that negative
emotions are recognized more poorly when produced by stressed speakers than by
nonstressed speakers. As the underlying reason, they refer to the variability of the voice of
the stressed speaker, which may differ from the expectations of the receiver in terms of
frequency and pitch.

The work of Szaszak et al. (2018) focuses on modeling stress as related to prosodic features
(i.e. tones, pauses, pitch and tempo) in speech. In this sense their work is close to the
underlying study, as part of the features extracted with the audio-signal analysis software
library that were used in here, also take into consideration prosodic features (i.e. PyAudio
Analysis; Giannakopoulos, 2015). The main difference though resides in the fact that this
study reused the output of a network pretrained on emotion recognition for the purpose of
classifying stress. These emotion features allow to consider long sequences of speech as they
occur in customer service interactions and thus classify stress through the full interaction.
Another study relevant to the underlying context investigated the relationship between
hormones and stress response in a trial with 80 individuals. Results suggest that stress is
associated with a systematic increase in voice pitch, cortisol hormone levels and a decrease in
skin temperature in both genders (Pisanski et al., 2018).

From a technical perspective, also the usage of machine learning models to detect events in
speech is gaining momentum. Han ef al (2018) use a deep learning model to detect stress in
speech features. Yet, they do so, applying it on short sequences whereas the underlying study
uses bottleneck features to handle long sequences as they unfold in service interactions. Mun
etal (2016) and Xia et al. (2018) apply a similar approach to this by using intermediate outputs
of a neural network to detect events in speech, although not focusing on stress detection in
particular. The next section describes the construction of the data sets that are employed for
building the model.
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3. Method

The development of an emotion recognition algorithm for a customer service context implies
privacy constraints. In traditional emotion databases, the transcript of a recording and the
recording itself are fully available to the researcher. In this case, data from actual customer
service interactions can be processed only in a completely anonymized fashion. To this end,
the content and the recording have to pass through a feature extraction process that ensures
that the original signal (i.e. the content of the conversation) cannot be reconstructed. These
are common challenges encountered in analyses of natural speech data from real-world social
contexts (Devillers and Vidrascu, 2007). Next follows a presentation of the data sets used in
this study and a motivation of the modeling choices to deal with the challenges
specified above.

3.1 Description of data sets

Relying on the voices of actors staging an emotion presents several methodological problems
for SER. In addition to altering both the distributions and the features associated with the
emotions, the audio snippets are short and present no relationship with each other. This
fragmented incoherence of the audio snippets used for training impairs the predictive power
of the machine learning models in real-world applications. Rather, emotions only become
interpretable and meaningful in the context in which they are expressed. To address these
shortcomings, this study works with anonymized conversation data collected from the call
centers of two major pension service providers in the Netherlands, with audio signals of real
customer service interactions. Building a machine learning model to classify an audio snippet
of a service interaction into emotion classes presents a number of challenges. First, the
emotion patterns are difficult to characterize and annotate, as emotions can be expressed in a
variety of ways. Second, as emotions represent sensitive information, only those service
agents who have conducted the call are allowed to annotate it. Third, emotions are context
dependent and imbalanced. Fourth, a distinguishable emotion may not be present or may not
be explicitly expressed during a specific point in time.

The data set is composed of two parts. The first part is based on recordings of service
interactions that were expert coded by professional service agents based on six basic
emotions (Ekman and Friesen, 1969). These data were used as predeployment training data.
Subsequently, the emotion-labeled conversation data were used to train an automated
emotion recognition model that uses a DNN architecture. These postdeployment data also
contain the associated subjective stress scores of a service interaction as indicated by the
service agents. More detailed information on the data sets is presented below.

Predeployment training data. In the predeployment phase, 363 recordings of call center
conversations with an average duration of 183 s were collected (see Appendix, Figure A2).
These conversations took place between service agents of the two pension fund service
providers and customers who contacted the service provider about pension-related topics,
such as the status of their current pension portfolio. The sensitivity and the seriousness of the
topic gave rise to a multitude of emotions reflected in the tone of voice. Twenty experienced
senior service agents annotated the conversations by associating speech-related features of
voice signals with emotions reflected in the tone of the voice. In order to safeguard privacy,
service agents exclusively listened to recordings they participated in. Audio files were split
into sequences of three-second snippets and were presented to the annotators in
sequential order.

Although emotions constitute an important component of human communication, there is
no fully-agreed-upon definition and typology of emotions today (Ekman and Cordaro, 2011;
Izard, 1992; Plutchik, 1982; Tomkins, 1963). The probably most universally accepted
approach is provided by Ekman’s theory of basic emotions (see Ekman and Cordaro, 2011).
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Figure 2.
Data collection
procedure

Ekman postulates the existence of only six basic emotions (i.e. sadness, happiness, anger,
surprise, disgust and fear). These basic emotions are universally exhibited in facial
expression and perceived in the same way across cultures (Ekman and Friesen, 1969). Hence,
this study took these emotions as a starting point for the automated categorization. The initial
label list thus comprised six discrete emotions and an additional neutral class to indicate the
lack of any distinguishable emotion. The annotation software did not allow assigning a
neutral label together with an emotion label or no label at all. A total of 27,889 snippets of
three second duration were annotated through this method.

In many instances, the annotators were not able to assign a snippet to an emotion class
(e.g. neutral voice, silence) resulting in a majority of neutral labels during the training of the
algorithm. Further, annotators struggled to distinguish between the approach-motivated
emotions of anger and disgust and the avoidance-motivated emotions of fear and surprise,
respectively (Elliot and Thrash, 2002). Finally, since annotators had difficulties identifying
sadness, and since sadness only represented 0.6% of annotated emotions, this study took a
conservative approach and collapsed those instances with the other instances of nonspecified
emotions (i.e. neutral).

This categorization into four emotion categories is in line with recent research challenging
the long-standing theory of six basic emotions (Ekman and Cordaro, 2011). Rather, following
an evolutionary account, anger and disgust, as well as fear and surprise may be rooted in the
same basic emotion, respectively (Jack et al, 2016). Following a bottom-up approach in
conjunction with an evolutionary perspective, this study hence grouped emotions into four
different categories as suggested by the data and in line with Jack et /. (2016). To summarize,
this study used the following aggregated four labels to train the DNN emotion classifier: (1)
happiness (4.2% of the snippets), (2) surprise and fear (4.5% of the snippets), (3) anger and
disgust (3.44% of the snippets), (4) neutral and sadness (87.86% of the snippets). The next
section discusses how these data were used for training the machine learning model.

Postdeployment data. For a period of one month after deploying the emotion recognition
model in the two call centers, data were collected comprising 4,672 service interactions for
which the voice features and related emotion predictions were recorded. Each recorded call
comprises both the vocal features of the customer and the service agent and the emotion
labels provided by the models as explained in the previous section. Therefore, a total of
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519,370 voice feature vectors and associated emotion scores were collected concerning the
4,672 recordings. Figure 2 depicts the protocol used for the recognition and storage of the
emotions in the second phase of the project.

Immediately after each conversation, one of 40 service agents was asked to indicate the
perceived stressfulness of the conversation on a 7-point scale from not at all to very much
after Grandey ef al (2004). Possibly due to social desirability, service agents mainly (above
94%) used the lower end of the scale to only report nuances in increases of perceived stress
(i.e. 1-3 on the scale). This trait of the data provided an additional challenge for the training of
the algorithm as it needed to identify these nuances. In total, about one-third of all calls (i.e.
28.5%) was annotated with at least some level of stress and subsequently used as input for
the deep learning model in the category of stressful calls (i.e. 2-7 on the scale). A limitation
that was imposed by the participating companies is that the 40 agents annotated an unequal
amount of calls. This uneven distribution implies that the categorization of stressful calls was
dominated by those 15 service agents who annotated most of the calls. The entire data set was
anonymized before further processing.

3.2 From data collection to feature extraction

The collected predeployment data consist of audio recordings of conversations and
associated emotion annotations that need further refinement to serve for the training of a
machine learning algorithm. First, each of the collected audio recordings is split into three-
second snippets. Second, each of the three-second snippets is sampled in order to extract
features from the audio signals (see a comprehensive summary of the features used in
Table 2) by using Py Audio Analysis (Giannakopoulos, 2015). The sampling of the features,
for each three-second snippet, is performed with a 25 ms window and a step of 50 ms.

3.3 Sequence representation

In the particular case of emotion recognition, the usual approach is to label each audio snippet
with an emotion without explicitly considering a dependency between the emotions. This
study, instead, considers a sequential dependency between the emotions (see Appendix,
Section 5). In the speech recognition model, each of the extracted features refers three-second
audio snippets, appended to each other in batches of five, resulting in 15 s snippets. Each
single three-seconds interval contains as target the emotion annotation provided by a
service agent.

3.4 Deep learning model: long short-term memory (LSTM) networks

Deep learning (LeCun et al, 2015) is a subfield of machine learning that focuses on the creation
of networks as multiple interconnected layers of artificial neurons (see Appendix, Section 6).
This multilayer structure provides the neural network the ability to recognize complex
combinations of properties in a signal and to produce a categorization of the input signal.
Recurrent neural networks (RNN) are neural networks whose output does not only depend on
the input but also on the previous states of the network. Thus, RNNs have a memory, as there
is a feedback loop that feeds the output of the network back into its input (see Appendix,
Section 3). This study makes use of LSTM networks, a type of RNN network that can deal
with data represented by long sequences as in the case of speech signals.

The LSTM-based architectures used in this study are shown in Figure 3. The bidirectional
LSTM model (bi-LSTM) considers recurrent relationships that take place in the sequence
from left to right and from right to left and as such, improve the results in speech recognition
tasks (Graves et al., 2013). A key part of the models is the attention layer (Bahdanau et al,
2016) constructed on top of the bi-LSTM. Attention is able to focus on prior sequence states
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Table 2.

Spectral and prosodic
features extracted from
the speech signal of the
call center

Index Name Description Intuition
1 Zero-crossing  Rate of sign changes of the signal Represents the rate at which the signal
rate during the duration of a particular switches sign; in speech signals it offers
frame a good feature to distinguish between
periods of silence and periods of speech

2 Energy Sum of squares of signal values, Represents the energy of the signals; in
normalized by the respective frame a speech signal it represents the sound
length volume across the frequencies

3 Entropy of The entropy of subframes’ normalized ~ Represents the rate of abrupt changes

energy energies. It can be interpreted as a that can be associated with the
measure of abrupt changes excitement in the speech signal

4 Spectral The center of gravity of the spectrum Characterizes areas of voiced signals

centroid when the vocal cords vibrate versus
unvoiced signals when the vocal cords
do not vibrate. The vibration of the
vocal cords changes depending on the
emotion expressed, therefore, this
feature can help characterizing the
emotions category

5 Spectral The second central moment of the Specifies the spread of the speech signal

spread spectrum around a frequency and thus,
characterizes the dominance of a tone.
The sequences of tones used can help
identify emotions

6 Spectral Entropy of the normalized spectral Is used with spectral centroid (see 4) to

entropy energies for a set of subframes identify areas of voiced speech versus
unvoiced speech, with similar
implications concerning emotions

7 Spectral flux The squared difference between the Calculates the changes of power in the
normalized magnitudes of the spectraof  spectrum, therefore, it can indicate how
the two successive frames fast the exchange between two speakers

takes place, or how the speaker is
modulating the voice. A big variability
implies presence of emotions whereas
no variability implies a neutral voice

8 Spectral The frequency below which 90% of the  Emotions present different

rolloff magnitude distribution of the spectrum  distributions of the spectrum given the
is concentrated same uttered word, so the spectral
rolloff helps distinguish between
emotions
9-21  Mel-cepstral Mel-frequency cepstral coefficients The frequency representation of the
coefficients form a cepstral representation where audio signal can help highlight
the frequency bands are not linear but ~ fundamental frequencies to distinguish
distributed according to the mel-scale an emotion, similarly to the spectral
rolloff (see 8)

22-33  Chromavector A 12-element representation of the Chroma vectors have been used to
spectral energy where the bins perform musical emotion recognition.
represent the 12 equal-tempered pitch Similar to how the minor or major
classes of Western-type music chords change the mood of a music
(semitone spacing) piece, in a speech signal, the speech

tonality affects the perception and
emotion associated with the spoken
words

34 Chroma The SD of the 12 chroma coefficients Provides a measure of how variable the

deviation tonality of the spoken words is. A very

narrow chroma deviation may imply a
very neutral speech signal
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Note(s): The first network uses speech features calculated with PyAudioAnalysis to perform a
prediction of the 4 emotion labels. The penultimate layer of the emotion network (fcl) is
implemented with RELU neurons and is connected with then final layer of the network (fc2),
that is a fully connected softmax layer outputting the probability of an emotion. The stress
prediction network uses the output of fc1 of the first network to calculate the probability of
stress in the full call

and combine this information with the output of the LSTM. This results in certain parts of the
input sequence having more or less impact on the outcome of the model. In the case of the
emotion prediction network, the attention model learns to assign more importance to those
speech features that contribute the most toward a correct emotion classification. In the case of
the stress prediction network, the attention model learns to weigh as more important the part
of the phone call that is perceived as most stressful.

3.5 Using the emotion recognition model features
In addition to the task of predicting the emotions in a service interaction, the most relevant
methodological contribution of this study is to use the emotion stream and the weights of the

Service agent
stress from
emotion
patterns

597

Figure 3.
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Figure 4.

ROC curve and area
under the curve (AUC)
of the stress prediction
network

ROC curve, Stressed Not Stressed AUC: 0.850
10 4 P a— -
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\
\
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0049 ¥

0.6 0.8 10

fpr
Note(s): The x-axis denotes the false positive rate (fpr) and the y-axis
denotes the true positive rate (tpr). The areaunder the curve (AUC)
represents the probability for which a sample labelled as stressful is
ranked higher thanan example labelled as non-stressful. Hence, an
AUC of 0.85 indicates a strong classifier for stress

network to further classify the calls by predicting if a call has been stressful or not for a
service agent. For this purpose, the output of the emotion prediction network is used to train
additional classifiers. The features extracted by the emotion recognition model (see FC1 in
Figure 5) serve as input to a second neural network to further classify the calls as stressful or
not stressful. The usage of intermediate layers outputs of neural networks trained for other
targets is an approach to extract compressed meaningful features from complex data (e.g. Xia
et al., 2018). Intermediate layers features taken before the last layer of the network are known
as “bottleneck features” since they reduce the dimensions of the data coming from the
previous layers of the network before being categorized in the last network layer.

In this study, such bottleneck features of the emotion model are optimized for the purpose
of categorizing a voice signal in emotion categories given a sequence of low-level features (e.g.
time-frequency features). They are further used as input to the stress neural network to
further classify the signal in containing stress or not as depicted in Figure 5. This approach
allows to model longer sequences than with the original speech features used to classify
emotions that are too heavy to handle for the stress prediction neural network in terms of both
computational load and memory consumption. The network weights are optimized such that
the predictions of the network output approximate the target variable as closely as possible
(e.g. using categorical cross-entropy; see Appendix Section 3.2 for a more detailed
explanation).

4. Evaluation and results

This section reports the results of the emotion recognition and stress recognition models
along two dimensions. The first dimension pertains to predicting emotions, where it shows
the performance of the emotion recognition model to classify emotions in four classes. The
second dimension comprises the prediction of the stressfulness of a call. As evaluation
metrics, this study uses precision, recall, f1 score and micro-average, all of which are
commonly used performance measurement metrics in the fields of information retrieval and
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machine learning (Buckland and Gey, 1994). Precision specifies the ability of a machine
learning model to avoid misclassifying negative elements as positive ones. The formula of
precision is expressed as follows: TP

pI‘eCiSiOH = ’I‘I)—m

where TP indicates the true positive rate and FP the false positive rate. Recall represents a
ratio between the positive elements that have been correctly identified, and the sum of the
total positive elements, including those misclassified as negative elements. As such, it
represents the percentage of relevant patterns that the model could recall from the data,
which can be expressed with the following formula:

TP

recall = m

where FN indicates the rate of false negatives. The f1 score or f1 measure calculates the
harmonic mean of precision and recall, weighting the two of them with the same importance:

2 « (precision * recall)

1score = —
f precision + recall

Finally, the micro-average calculates the weighted average of the three metrics expressed
above with respect to the (imbalanced) classes in the data set.

4.1 Predicting emotions
The 363 predeployment calls are analyzed using the aggregated labeling proposed in the
previous section. The following architecture variations are attempted:

(1) DLA: this network uses 1D convolutions, bidirectional LSTMs, attention, optimized
with categorical cross-entropy.

(2) LA: a bidirectional LSTM network with one objective function and attention model.
(3) BIL: a bidirectional LSTM model.

(4) Frequency classifier: this is a baseline random classifier based on the frequencies of
the data points.

For the analysis, 70% of the data is used for training purposes, and 30% of the data for
testing. Table 3 reports the results of the testing procedure concerning the four selected
classifiers, reporting also the 95% confidence interval.

As reported in Table 3, the three attempted models all remain significantly predictive
with respect to a baseline frequency classifier, indicating that a pattern can be identified
that connects the labels with the speech features. On the one hand, the neutral class
precision and recall is higher than the other classes, meaning that the algorithm can
distinguish audio snippets with emotional response versus audio snippets in which there is
no emotional response. On the other hand, the precision and recall concerning the emotions
all revolve around 20%. This means that the neural network model may rank the emotion
labeled by the service agent as less predominant than the other emotions. This can happen
for several reasons. First, multiple emotions may occur in the same audio snippet: anger and
surprise or happiness and surprise can often occur at the same time and the service agent
has labeled the most salient or context-relevant emotion and ignored the others. Second,
emotions that are far apart like happiness and anger, are sometimes both expressed with
rising voice volume levels. Third, though the content may suggest the presence of emotions,
the latter may not be expressed in the voice of the customer. Such results are consistent with
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Table 4.
Stress prediction
network performance

the results obtained by Huang et al (2019) who also use spontaneous speech to train their
deep learning models.

4.2 Predicting stressfulness of a call

Given that LA architecture (LSTM model with attention) has better precision and recall
than the other architectures for emotion recognition, this study focuses on this architecture
to extract global features from a call and produce a stress prediction based on the stress
prediction network depicted in Figure 5. After the analysis with the LA architecture, the
intermediate output is a set of 4,672 time series of different lengths, which are each
composed of four emotion classes. In order to classify the calls into stressful or nonstressful,
the stream of emotions associated with each of the calls are transformed into vector format
using one of the intermediate layers of the emotion recognition neural network. For this
purpose, as the study is dealing with sequences, it applies a similar network as the one
presented in Figure 5.

After transforming the calls in vector format, each conversation is represented as
a sequence of 250 vectors of 256 dimensions which are analyzed using a stress predictor
LSTM-based network. One limitation of this approach, given that LSTMs accept only
sequences of regular size, is that sequences that are shorter than 250 audio snippets have to
be padded (a standard approach is to use vectors filled with zeros) and sequences that are
longer than 250 audio snippets have to be truncated. The 250-snippet length threshold is
chosen to cover the length of 95% of the calls in the training data. The data are split into 80%
for training and 20% for testing, after which a second network is trained to perform a binary
prediction (stressed/not stressed) on sequences of audio snippets. Table 4 depicts the results
of the prediction.

The data set stress labels are unbalanced, showing a predominance of calls in which
the service agents selected no stress. Only one-third of the calls are labeled as stressful.
Despite this imbalance, the algorithm manages to predict the positive class (stressful
call) with a precision of 0.68 and a recall of 0.7, with an average precision of 0.8 for and
an average recall of 0.8 for the two classes combined. The ROC curve in Figure 4
confirms that a strong classifier can be trained, presenting an area under the ROC curve
(AUC) of 0.85 (Pepe, 2000).

The stress prediction becomes more interpretable when observing the emotion patterns.
For this purpose, Figure 5 breaks down short and long calls with high and low stress,
respectively. As depicted in the figure, for both short and long calls with low stress, the
dominant emotion that is captured is surprise (the single peak of anger in the middle of the
short call likely represents an artifact rather than a true expression of anger). The stressful
calls, in contrast, contain clearly discernible patterns of anger, while happiness is absent.

5. Discussion

This study provides an emotion analytics approach to analyzing customer service
interactions in a call center context. Two deep learning models are presented: the first
model analyzes emotions in customer service interactions with an average accuracy of 68%

Stress network predictor Precision Recall fl-score
No-stress 0.86 (0.03) 0.84 (0.03) 0.85 (0.03)
Stress 0.68 (0.06) 0.7 (0.06) 0.69 (0.06)
Micro-avg 0.8 (0.03) 0.8 (0.03) 0.8 (0.03)

Note(s): The upper statistic represents the mean and the lower statistic in-between brackets represents
The 95%-confidence interval (p < 0.05)




in a four-class problem; the second model builds on the first model to predict the perceived
stressfulness of a call with an average accuracy of 80%. This study makes important
contributions to three different research fields: emotion analytics, organizational work stress
and service management.

5.1 Implications for emotion analytics
This study contributes to the state-of-the-art of emotion analytics by considering real
interactions taking place between service agents and customers. This is an important
advancement, as currently, most speech emotion analytics research utilizes data models that
have been created on nondyadic staged conversations (e.g. Casale ef al, 2008; Zhao et al,
2019). The staged conversation data sets consist of unnaturally balanced emotion
distributions. A related issue is that emotions appear in isolation in staged conversations
whereas, in real conversations they are interrelated. Moreover, staged data sets lack the
context of actual conversations where emotions are manifested. These three attributes hinder
the performance of emotion classification on real-life conversations, and make the results
difficult to interpret due to the difference in contexts between staged and real conversations.
Thus, this study contributes to the literature on emotion analytics as it trains models on
emotions as they unfold in their actual environment and within the context of real service
interactions, keeping the emotion distribution natural for both training and testing phases.
Yet, the underlying work also cautions the use of more subtle emotions in practice, as both
Al predictions and the human expert labeling struggled to identify the six discrete basic
emotions from voice (Ekman and Cordaro, 2011). The data support a simpler categorization
that is in line with more recent advancements of an evolutionary theory (Jack et al, 2016). This
evolutionary theory suggests that anger and disgust, as well as fear and surprise, are rooted
in the same basic emotion, respectively. Thus, at least in a voice-based real-life context, where
emotions are expressed naturally by customers rather staged by actors (Burkhardt ef al,
2005; Busso et al., 2008), the informational value of adding further emotion categories to
predict emotion-based phenomena such as stress might be poor. Moreover, this is the first
study in which information is derived from emotions (i.e. stress) that extends beyond their
labeling (Huang et al, 2019; Liu et al, 2018). Using the bottleneck features of an LSTM
network trained on discrete customer emotions to predict the employee perceived stress of a
service interaction reached an accuracy of 80%.

5.2 Implications for ovganizational work stress

The newly developed Al model makes stress quantifiable in near-real-time and in a reliable
and entirely unobtrusive fashion. Thus, this study contributes to prior work on occupational
stress (Bliese et al.,, 2017; Maslach and Leiter, 2016; Zapf et al, 2001), where the gold standard
of stress assessment relies on periodic employee self-assessments (Stanton et al, 2001). While
this self-assessment measure was developed to circumvent the shortcomings of other self-
report (Cavanaugh ef al, 2000) and physiological measures (Vrijkotte ef al., 2000) in terms of
impracticality and intrusiveness, the Al model takes this development one step further. In
doing so, the study directly answers frequently echoed calls to develop a more forward-
looking and innovative approach to providing actionable insights on work stress (Bliese et al.,
2017), moving beyond traditional cause-and-effect relationships (e.g. Alarcon, 2011; Eatough
et al., 2011). Relying on the latest technological advancements in the area of deep learning
(Zhao et al., 2019), the model allows the continuous monitoring of service agent stress without
the need for physical (e.g. wearing patches on the skin) or psychological (e.g. filling in
surveys) interventions.
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5.3 Implications for service management

This study also contributes to the field of service management. It directly answers to a recent
call for service research to put a stronger attention on an employee perspective, with a
particular focus on occupational stress (Subramony et al, 2017). The nature of the service
frontline is changing and the integration of Al in frontline service interactions is a core
priority (Huang and Rust, 2018). Service agents will partly be replaced by Al (e.g. humanoid
service robots replacing service agents at information points) and they will also have to learn
to collaborate with Al (e.g. humanoid service robots waiting tables at a restaurant). The focus
of the stress detection algorithm developed in this study lies in the latter — the integration of
Al and service agents (Henkel et al., 2020; Marinova et al., 2017, Wilson and Daugherty, 2018).
However, the tool also offers benefits beyond the mere augmentation of service agents
(Lariviere et al, 2017). On a meta-level, it can offer insights to service managers to the benefit
of service agents and customers.

The stress detection model carries several actionable practical applications in a service
agent context and as such carries manifold opportunities for future research. First, the stress
detection model can be used for managers to observe and intervene between calls, before a
particular service agent’s stress level escalates beyond a predefined threshold where
additional stress might be detrimental to performance and well-being (e.g. Cropanzano et al,
2003; Ganster and Rosen, 2013; Halbesleben and Bowler, 2007; Wang, 2005). The granularity
of the observation period is subject to future research, yet, it is likely that in this context the
algorithm will be more effective in a tool that has a more long-term focus (Schneiderman et al.,
2005). Second, the stress algorithm could be integrated into another intelligent algorithm that
automatically allocates customers to service agents through a routing system (Gans and
Zhou, 2007), based on a real-time assessment of service agent stress and customer emotions.
That way highly stressed service agents could be shielded from stressful, aggressive
complaining customers (Rupp and Spencer, 2006). Third, it could be deployed as an early
warning system for service agents, such that the latter can pay attention to the building of
stress throughout the workday over an extended period. An extended version of the Al tool
could directly indicate to service agents appropriate cognitive-behavioral intervention
strategies to avoid the negative consequences of stress (Richardson and Rothstein, 2008).

Beyond predicting stress, the newly developed Al model allows the assessment of the
presence and variation of emotions during a service interaction (Hareli and Rafaeli, 2008) by
looking at the output of the emotion prediction network in time. Since neural network outputs
can take a probabilistic interpretation, this feature is independent of the classification accuracy.
It opens up various opportunities for service managers. For instance, given the high turnover
rate of call center employees and its direct link with emotional exhaustion (Kraemer and
Gouthier, 2014), the algorithm may be deployed to predict turnover intentions and employee
resilience (Britt et al,, 2016), based on emotion interaction patterns in customer service calls.

Other applications extend to the customer’s side, where uncovering patterns in service
interactions may be input to improving customer outcomes. Knowing the emotional journey
of a customer and complementing this information with, for instance, other CRM data can be
a powerful tool to identify service bottlenecks to further improve the customer experience
throughout the customer journey (Lemon and Verhoef, 2016). The algorithm developed in the
underlying study may also serve as the basis for an automated emotion-based prediction of
customer satisfaction (Farhadloo et al, 2016) on an individual basis via mapping emotions
across services and topics to predicting future customer behavior. We submit it to future
research to build on our work and explore these promising lines of inquiry linked to service
interactions and customer outcomes. It may also be conceivable to deploy the tool in a face-to-
face service context. With the advent of service robots in the organizational frontline (Wirtz
et al., 2018), a particularly promising area of application also lies in the integration of emotion
detection from human voice in human robot interaction (Hudlicka, 2003). With the help of the



stress algorithm, service robots might be trained to sense the stress level of their interaction
partners, which may be customers or human colleagues.

5.4 Limitations and future vesearch

As with every research, also the underlying study does not come without its limitations. First,
the analysis highlights that in a call center service context, the emotions observed in a service
interaction are highly unbalanced. Moreover, the task of labeling this type of data introduces
a degree of subjectivity that makes the classification and prediction a difficult task at the level
of the discrete emotions associated with an audio snippet emanating from a real-life service
interaction. The main hurdle is the subjective interpretation of emotions associated with a
specific call, varying based on the emotion recognition experience and the emotional
intelligence of the listener (Salovey and Mayer, 1990). This explains why some discrete
emotions tend to be more easily confused by the deep learning model than others.
Notwithstanding these challenges, the underlying study demonstrates that basic discrete
emotions can still be input to a powerful interpretation tool when predicting global call
attributes, such as service agent stress. Also, it is important to remember that this study has
been applied in the specific context of pension service providers.

In addition to the already mentioned opportunities, future work might assess how the
findings hold throughout different contexts, demographic groups and cultures. For instance,
the stress algorithm might need fine-tuning or retraining for service interactions underlying
different display rules across different cultural dimensions (Grandey et al, 2010). It is
conceivable that the model works even better in cultures that license emotional expression,
since more emotion cues are discernible from a customer’s voice (Pennebaker et al.,, 1996). On
the other hand, service agents in these cultures may also experience and interpret customer
emotions differently in terms of the stress they produce.

It is conceivable that the emotion-based stress detection algorithm that was developed in a
call center context may also be applied in other types of service encounters. First, the tool
could potentially be deployed in traditional face-to-face settings with high customer traffic to
help select and train service agents, but also to monitor their stress levels to help them avoid
the negative consequences for their well-being and the firm’s bottom-line. Second, the
algorithm may also find an application in digital services where customers solely interact
with technology. For instance, it may be relevant for inhabitants of a smart home which
consumers control with voice commands that the latter caters to their momentary emotion-
and stress-related needs (e.g. the atmosphere of the light).

Irrespective of the type of service interaction in which the stress algorithm is deployed,
it is crucial to mention that first a diligent assessment of its ethical and privacy
implications needs to be performed. For the scope of this study, the participating
companies collected the consent from both service agents and customers, ensuring that the
collected data could only be used for its original purpose — the training of service agents to
better handle customer interactions. However, as is the case with many smart technologies,
the stress algorithm can work hidden in the background, which depending on the context
may be unethical or even illegal. Even if deployed with the best intentions, service
managers should ensure that the resulting data are not abused. Whatever direction the
further development and practical application of the stress algorithm developed in this
study may bring, we hope that it will stimulate initiatives that have the well-being of
service agents at the center (Anderson and Ostrom, 2015).
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