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Emotions are clearly important. They drive our behavior and how we behave drives
our relationships, with family, friends and coworkers. Emotions are influential both
in the social world and in the professional world. In particular, service systems, like
contact centers and healthcare organizations, contain ample emotions and emotional
expressions [9]. We suggest that emotions impact service operations and therefore that
queueing models used to optimize service operations should include considerations of
emotions. We describe in this note a concept that we developed with the help of many
others, termed emotional load.

Emotions in service systems are embedded in customer behavior (e.g., anger about
waiting, anxiety due to uncertainty) as well as in agent behavior (e.g., apologies for
wrongs that were done or empathy and compassion to hearten customers). Emotions
are integral to the everyday life of service agents, who are frequently the punching bag
of the service industry because they represent the service end of (usually large and com-
plex) operations. Organizational Behavior (OB) research shows that customer emotions
are consequential. For example, people’s ability to solve problems is hampered by en-
counters with customer anger, as is employees’ burnout and turnover [8]. We take this
line of work from the human behavior domain to the operational domain.

Emotional load connects emotions and operations. In [3], we propose an analogy to
the operational concept of offered load, which is defined as R = λE[S], where λ is the
arrival rate of customers into a system, and E[S] is the expected amount of resources
needed to process the customer, measured by the expected service time [7]. The analo-
gous conceptualization of emotional load posits the arrival rate of events posing emo-
tional demands (analogous to λ ) and the effort that each emotional demand requires
from an agent (analogous to E[S]) [3]. The effort element of emotional load can take
multiple forms. For example, our work has shown extended verbal communication and
response time [1] and emotional responsiveness [2] are forms of effort. There are prob-
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ably other forms of effort, and all forms can likely appear independently or together.
The aggregate of all effort creates the total emotional load imposed on a service agent
at any given point.

We pose two main research questions to the community: (a) what are the operational
implications of emotional load? (b) how should considerations of emotional load be
incorporated into operational models and decisions? We have started answering these
questions and describe here in short the approach or tools we used, some of our results,
and the challenges we find to be still open.

We build on developments in Natural Language Processing (NLP) to monitor emo-
tions in textual services using Sentiment Analysis (e.g., [11]). This allows the devel-
opment of operational models that take sentiment information into account, which can
support both retrospective analysis and real time monitoring of emotional load. For ex-
ample, based on [2], we operationalized emotional load in contact centers using auto-
mated assessments of customer sentiment. Then, in [1] we used econometric models to
measure the impact of “arrivals” of customer sentiment on agent productivity. Our anal-
yses show that adding a negative word to a customer sentence increases agent response
time by 19.7%. This results in 15.7 minutes handling time for a “negative” customer
compared to 7.6 minutes to handle a “positive” customer. The effect of emotional load
is 2.66 times larger than that of multitasking and an order of magnitude larger than the
effects of load—core factors for the Behavioral Operations and Operations Research
communities [5]. Three main issues are still open: i) what drives the operational im-
plications of emotional load? additional agent effort (additional text that agents wrote)
only partially explained the longer response time. Further investigation is needed to
unravel other causes. ii) how can emotional load be measured in domains lacking tex-
tual representation of the service interactions, for example healthcare service? iii) what
other events or situations create emotional load?

Our results further suggest that emotional load should be incorporated into opera-
tional models for staffing, concurrency and routing. We started incorporating emotional
load into routing decisions [3,4]. Yom-Tov et al. [11] show a clear pattern of change
in customer emotions during service conversations, which suggests that customer sen-
timent can insinuate the stage of a conversation; more negative emotions likely indicate
a service conversation that is just beginning. Combining this with findings of Altman
et al. [1] suggests we may predict the residual service time of an active conversation.
[1] offered this as a foundation for Sentiment-Based Routing, namely routing customers
to an agent based on the sentiment of each agent’s concurrent customers. Theoretical
analyses and implementation of such ideas are still open.

In [4] we extended this idea by incorporating emotion and behavioral aspects into
service duration models and used them to improve routing. Specifically, this work de-
veloped dynamic models of service duration—using Hawkes processes—incorporating
the mutual dependencies of customers and agents, and proved that such models fit data
much better than classic service models. The models were used to predict residual ser-
vice times that were then incorporated into routing algorithms. These models signifi-
cantly reduced customer waiting time without need for additional resources.
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We note that the contact center systems we studied include concurrency, with agents
serving multiple customers in parallel. Using process sharing models, Tolga et al. [10]
proved that routing customers according to the ‘lowest number of customers’ rule, is
asymptotically optimal. Yet, simulation studies show the idea of prediction-based rout-
ing, sketched in [4], to be significantly more efficient. Hence, we call for theoretical
analyses to unravel its wider potential. In particular, [4] suggests routing customers to
agents predicted to have the lowest amount of total load. This routing policy replaces
the currently common load indicator (number of customers agents serve), with an esti-
mate of agents’ future load based on customer and agent behavior. An open question is
how to optimize the use of such prediction models.

Additional research showed that behavioral aspects, such as overload-based service
slowdown, change the dynamics of queueing models—possibly turning a stable system
into unstable—and influence staffing and blocking procedures [6]. This may also be
the case for emotional load, because [1] proved a vicious cycle of reciprocal impact
between emotional load and operational load. Namely, waiting increases customer neg-
ative emotions which in turn cause slower agent reaction. Hence, another open direc-
tion is how taking into account the interdependence between operational and emotional
loads influences system dynamics and in turn staffing recommendations.

In short, our work shows both the theoretical significance and the operational poten-
tial of incorporating emotional load into service operation models. We use this forum
to call the community to join us in this exciting journey.
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