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Evaluating the Impact of Assignment Group and
Category Classification Prediction of Incoming

Service Requests on the Perceived Service Quality:
A Quasiexperimental Study in the

Enterprise Software Industry
Jeroen van Gassel and Marijn Janssen

Abstract—Machine learning (ML) is reshaping customer service,
tackling the growing complexity and volume of customer requests.
This article investigates the effects of ML on perceived service
quality (PSQ) across various customer service measures within
an organizational context. Utilizing a quasiexperimental design,
we analyzed 131 978 service requests submitted to the service desk
of a large enterprise software organization. Over a 2-year period,
these requests were made by 1252 organizations and were associ-
ated with 85 654 predictions and 19 720 returned PSQ postservice
questionnaires. Our regularized logistic regression model aimed
to categorize service requests into 56 categories and dispatch them
into one of nine assignment groups to enhance resolution efficiency.
Contrary to expectations, the overall PSQ did not significantly
improve, while five specific metrics, such as time to resolve and
first-time resolution, improved. This may be attributed to the in-
crease in the first personal response time. The article highlights the
complexities of implementing ML-based classification and under-
scores the importance of organizational structure. We found that
expert groups prioritizing accurate problem-solving over quick re-
sponses led to an increase in the response time for incoming service
requests. Theoretical contributions include an understanding of
how classification in customer service affects PSQ, offers practical
tactics to counteract negative impressions, and sets the groundwork
for future article on ML in customer service management, despite
the limitations, such as the potential influence of external factors
and the study’s generalizability.

Index Terms—Assignment group and category classification,
customer service, machine learning, organizational aspects,
perceived service quality, service desk, service requests.

I. INTRODUCTION

CUSTOMER service is a mission-critical process aimed at
creating customer value and consequently facilitating the
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execution of organizational strategies [1]. Providing excellent
customer service is crucial due to its direct impact on overall cus-
tomer satisfaction and indirect organizational profitability [2].
However, due to the explosive growth of customer service sys-
tems, communication technologies, and complexity, handling
customer service requests has become more challenging [3].
The variety and volume of customer service requests increase
continuously, and customers have different expectations and
demands to which customer service must respond [4]. Also,
communication channels, such as email and self-service portals,
are increasingly used to interact with customer service [5], [6].
However, contrary to the phone channel, self-service channels,
such as email and portals, do not facilitate interactive communi-
cation to respond to and triage incoming service requests, which
can lead to less satisfied customers [7].

Consequently, more and more service desk agents are needed
to process all incoming service requests. Furthermore, email and
portal-created service requests usually have an unstructured text
format, making triaging service requests more challenging [8].
Hence, it has become crucial to establish an effective customer
service system to support and anticipate the rising and diverse
customer demands and meet their expectations in an increasingly
complex and demanding service environment. [4]. Furthermore,
recent studies across various industries have established that
perceived service quality (PSQ) directly impacts customer sat-
isfaction, leading to improved purchase intention [9], [10].

Existing literature suggests that PSQ depends on the perfor-
mance of human agents but also on the design and performance
of the information systems (IS) [11], [12]. Many organizations
have started using machine learning (ML) to improve their
customer service experience [13], [14]. ML refers to several
methods that can help to enhance the execution of specific tasks
through training experience [15]. ML applications are developed
by training a model using historical data to improve performance
when executing tasks [15]. ML can potentially transform the
customer service experience: examples include the automatic
dispatching of work tasks to employees [16], informing cus-
tomers on predicted delayed service times [17], automatically
handling routine tasks, recommending the next step in a business
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process, and optimized agent staffing based on case call center
arrival’s forecasting [18].

Although many organizations and industries recognize that
creating exceptional customer experience has become a priority,
empirical evidence on using ML to improve PSQ is scarce [9].
Only a few studies have investigated the application of ML
within specific areas of customer service [14]. These include
service level agreement violation prediction within IT-service
management and an ML intelligent knowledge-based chatbot
for customer service [19], [5]. Others investigated specific ML
use cases, such as improving customer complaint management
velocity by automatic email classification [20]. These studies
examine ML in a context outside the organization, do not assess
its impact on the organization, and have a limited emphasis
on the role of human decision-making. To our knowledge, Li
et al. [3] were among the first to investigate the relationship
between ML and its impact on service quality, shedding light
on the pivotal role of voice AI systems in customer service and
demonstrating its influence on consumer behavior outcomes.
However, the impact and the organizational implications of ML
on the customer service PSQ are hardly understood.

The current article investigates the effects of ML classification
on perceived customer service quality in a real-life setting. Thus,
formulates the following two research questions (RQs):

RQ1: What is the effect of ML-based assignment group and category
classification of incoming service requests on the perceived customer
service quality?

RQ2: What are the organizational implications and operational fac-
tors influencing the extent to wherein the ML improved the perceived
customer service quality?

The aim of this article is to investigate whether ML clas-
sification can improve customer service PSQ in organizations.
Specifically, we investigated the effect of automating assignment
group classification and category classification using ML. To an-
alyze the impact of ML application on PSQ measures, data were
collected for 2 years—1 year before and 1 year after ML was ap-
plied. The analysis compared differences in the overall PSQ and
six specific PSQ measures between both periods. In summary,
we contribute to filling the knowledge gap by investigating the
effect and magnitude of ML classification on specific and overall
customer service PSQ measures. We also provide insights into
the effect of organizational structures, agents, and changes in
technology on the adoption of ML in customer service. Although
it might limit generalizability, it gives insight into the effects in
real-life settings and can reveal new influencing variables.

This rest of this article is organized as follows. Section II
presents the literature background about ML and PSQ, followed
by our research approach in Section III. In Section IV, we discuss
research findings based on an actual customer service process.
Section V provides the recommendations for further article.
Finally, Section VI concludes this article.

II. BACKGROUND

Recent studies investigated ML applications in automating
tasks, optimizing staffing [18], and identifying service improve-
ment areas [14]. However, there is limited empirical evidence

regarding the effects of ML system implementation on customer
service performance [21]. Therefore, we first review existing
work on models for measuring PSQ for customer service to
understand specific customer service process-related measures.
The derived measures are then used as input to review existing
work on classification applied within customer service processes
and the identified customer service process-related measures.
Consequently, we use the result of the literature background
as input for conducting interviews to determine the specific
customer service PSQ measures. Finally, the measures are used
to describe the scope of the quasiexperiment and determine
where our research complements existing work.

A. Perceived Service Quality and Measures

For organizations, it has become crucial to build an appropri-
ate customer service support system to anticipate increasing cus-
tomer demands and meet the expectations of service requestors.
Often, models like SERVQUAL are used to understand and
improve the PSQ. PSQ can be evaluated by a postconsumption
evaluation method that expresses the customers’ discrepancy
between the expected and PSQ [22]. In these studies, the cus-
tomer is asked to assess different aspects of the PSQ on a specific
scale. The lowest score represents a “very dissatisfied” customer,
whereas the highest score represents a “very satisfied” customer
[22]. Usually, one assessment aspect represents the overall PSQ
[23]. If the PSQ is lower than the expected PSQ, the quality
is disconfirmed, and the overall PSQ will be lower. Conversely,
when the PSQ confirms or exceeds the expected PSQ, the overall
PSQ will be higher [23].

There are a variety of models for measuring the PSQ.
SERVQUAL can be considered the most used model to calculate
the PSQ, primarily in physical service transactions. SERVQUAL
contains five constructs (tangibles, responsiveness, reliability,
assurance, and empathy); twenty-two measures were generated
to represent the five constructs [24]. With the development of
IS, the SERVQUAL model faced more challenges in addressing
context-specific PSQ measures [25]. The impact of the tangible
construct decreased mainly as most measures are less applicable
to IS. For example, the item “Physical facilities are visually
appealing” is less relevant within IS as most interactions today
occur online due to the widespread use of digital channels [8].
Therefore, Kettinger and Lee [26] revised SERVQUAL multiple
times to address specific PSQ applications [27]. Examples of
commonly used PSQ models derived from SERVQUAL are IS-
SERVQUAL, Software as a Service (SaaS-Qual), and a quality
model for cloud services [28], [29].

In conclusion, there are a high number of models for
measuring PSQ. Existing models, such as SERVQUAL, IS-
SERVQUAL, and SaaS-Qual measure, to some extent, the
PSQ for customer service processes. Consequently, based on
a literature review, nine high-level measures (service response
reliability, service delivery reliability, service delivery quality,
service responsiveness, service delivery expectations, service
response expectations, user experience, service customization,
and service contract reliability) were derived from these models
and used to identify existing literature on how classification can
improve certain aspects of PSQ. The nine high-level measures
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were also used as input for selecting the relevant measures in
the quasiexperiment.

B. Classification in Customer Service

Classifying service requests, such as distinguishing com-
plaints from general queries, aids in identifying urgent cases.
Extensive research has been conducted to classify incoming
service requests, especially on detecting emotions in human–
computer dialogs, to help pinpoint customers needing immediate
attention [3], [31], [32], [33]. Studies like Gupta et al. [31] extract
email sentiments and Karthik and Ponnusamy [33] categorizing
emotions for better response prioritization. However, Ilk et al.
[34] found that classifying live chats accurately can reduce
mismatches between customers and agents by 14%, enhancing
efficiency. Also, in more recent research, ML-based classifica-
tion of incoming IT tickets has demonstrated that it can have
higher accuracy than manual classification. However, while this
improvement in classification accuracy is noteworthy, its direct
impact on the overall PSQ remains assumed [30]. These studies
show that classification is a promising ML technique; however,
its implications for PSQ are hardly understood.

C. Machine Learning and Perceived Service Quality

The complexity of ML technology makes it challenging to
assess its real-world effectiveness beyond training data. De-
ployed ML systems must adapt to unforeseen situations, such
as handling exceptions or organizational changes, which can
impact their performance [12]. Therefore, Wang et al. [21] ar-
gue that understanding how ML implementation affects service
performance is essential for further empirical research.

To our knowledge, no studies investigated the effect of clas-
sification on the overall customer service PSQ score and, con-
sequently, on individual PSQ factors derived from models for
measuring the PSQ.

Coussement and Poel [20], Khowongprasoed and Titijaroon-
roj [30], and Nenkova and Bagga [8] argued that automatically
classifying incoming requests into a small group of classifiers (2,
3, and 5, respectively) helps agents to identify service requests
that require an immediate and correct response. However, classi-
fying incoming service requests into a more significant number
of categories and dispatching incoming service requests to more
assignment groups is a critical challenge for agents [35]. There-
fore, we investigated whether ML would help agents improve
the classification accuracy of 56 service request categories and
nine assignment groups. ML is often used to automate decision-
making fully; however, human-supported decision-making is
given less attention.

In contrast to earlier studies (Coussement and Poel [20]
Khowongprasoed and Titijaroonroj [30], and Nenkova and
Bagga [8], in this article), ML will not automatically classify
incoming service requests. Instead, ML predicts the category and
assignment group within a second after each service request has
been created and presents them as values when the agent starts
working on the service request. The human agent could apply the
recommended classification values or overrule ML with another
category or assignment group. Suggesting service request classi-
fication values complements Reis et al. [36] findings that ML can

make sense of complex tasks that humans may miss. However,
it allows agents to correct the prediction if it is considered
incorrect. This hybrid model should improve PSQ measures and
potentially improve the overall PSQ. Also, whereas previous
articles focused on one simultaneously applied classification
capability, we focus on the impact of two simultaneously applied
classification applications. A model does not yet exist to measure
the customer service PSQ specifically. This article focuses on
one overall PSQ and six specific PSQ measures derived from the
nine high-level PSQ measures considered in existing literature
as a critical aspect of the overall PSQ.

III. RESEARCH APPROACH

We aim to investigate ML classification’s effect on the PSQ.
For this, we conducted a quasiexperiment (Fig. 1) by introducing
ML classification in a customer service process. A quasiexper-
iment investigates causal relationships without fully random-
ized participant assignment but still involves manipulating the
independent variable and comparing groups [37]. One type of
quasiexperiment is studying interventions by comparing before
and after an intervention using testable propositions. This is
particularly suitable for complex situations where a controlled
experiment might not reveal all influencing variables. In a
quasiexperiment conducted in practice, the relevant variables
influence the outcomes. This enables the investigation of factors
from practices that might not be visible in advance. Not only
is looking at the predefined dependent and independent factors,
but given the complexity, other variables might also play an
influential role. We used triangulation on two levels to ensure
the study’s overall reliability and intrinsic and extrinsic validity.
First, we used a set of generic PSQ measures derived from the
literature background as input for semistructured interviews with
seven experts from different backgrounds to identify relevant
customer service PSQ measures. The rationale for selecting
the PSQ measures stems from experts’ expectations that these
measures influence the overall PSQ through the introduction of
ML-based assignment group and category classification. Only
measures that can be quantified using the service request and
survey performance data were included.

Second, to understand which unexpected operational factors
might have influenced each quasiexperiment PSQ measure and,
consequently, the PSQ score, we interviewed three agents, each
having more than 5 years of tenure in customer service within
the enterprise. To minimize the potential influence of researcher
bias on the quasiexperimental results, the researchers were not
directly involved in the execution of the article. This way, they
could observe and analyze the organizational impact qualita-
tively and quantitatively. Furthermore, we used this to evaluate
construct validity by observing if the measurement reflected the
intended constructs.

The quasiexperiment starting situation was without ML,
whereas ML was introduced without having any other changes
that might affect the effect. The situation without and with ML
was compared using PSQ measures. We evaluated seven PSQ
measures whereby the overall PSQ was expected to be influenced
positively by assignment group and category classification [4].
Two measures were expected to improve the service timelines
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Fig. 1. Flowchart of the quasiexperimental study method.

(“time to resolve”—representing the time between the creation
and resolution a service request related to a customer need,
and “first personal response time”—meaning the time between
service request creation and personal agent receipt notification),
two measures were expected to improve the service quality
[“% first time right” (% FTR)—representing the percentage
of service requests where the first assigned group was able to
handle the request until resolution, and “average reassignment
count”—meaning the average number of assignment groups
that were assigned to service request until resolution], and two
measures were expected to improve the service expectations
[“variance in responsiveness”—representing the performance
variation of time to resolve and the first personal response
time calculated as the average standard deviation (STD), and
“variance in reliability”—meaning the performance variation
calculated as the STD of the average reassignment count] [38].

Data were collected from the customer service system of a
large enterprise, a business-to-business software organization
providing a subscription-based cloud platform solution to struc-
ture and automate various business processes. The large enter-
prise serves a diverse clientele, including small, medium, and
large organizations across the globe, representing all industries.
Customers can submit service requests via an online service
portal. Included service request types are generic questions,
unexpected product results, implementation issues, outages,
requests, and performance issues. Service requests classified
under “other” were omitted, as their pertinence to actual service
needs could not be verified. Additionally, we excluded service
requests initiated by automated systems, such as integration or

performance monitoring solutions, due to their irrelevance to
our analysis. Furthermore, we noted that enterprise employees
made some service requests on behalf of customers; these were
excluded because they do not represent the initial point of contact
between the service requestor and the agent, rendering the PSQ
measures invalid for our analysis. Our dataset was also cleansed
of requests missing an assignment group, those with resolution
times recorded before their opening times, instances where
open and close times were nearly identical, and cases where
the reaction time occurred within 1 s of the service request’s
creation.

After resolving a service request, the enterprise sends an
email containing a postservice questionnaire to each requestor
to gather feedback. A survey consisted of six questions, and
we only used the scores of the “overall support experience” for
this service request’ evaluation criteria. The score ranges from 0,
representing a “very dissatisfied” customer, to 10, representing a
“very satisfied” customer. A dataset containing 131 978 service
requests submitted by 1252 customer organizations was ana-
lyzed. In total, 64 398 data points were created the year before
ML was introduced, and 67 580 were collected the year after ML
was introduced (Fig. 1). The motivation for using regularized lo-
gistic regression is its adeptness with high-dimensional text data,
such as our unlabeled service request description. This method
identifies complex patterns for accurate classification and pro-
vides a probability model, which is valuable when offering agent
prediction values, including probability [39]. Regularization is
essential to guard against overfitting, ensuring the model remains
generalizable and reliable [40]. Our quasiexperiment includes
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Fig. 2. Overview of % FTR and assignment group classification accuracy
during a 1-year period after ML implementation. Blue = % assignment group
classification accuracy. Green = % of service requests resolved without assign-
ing to another assignment group—% FTR.

service requests related to interruption of service, unexpected
results of their product, usage requests, product performance
issues, overall complaints, inquiries, and questions. To enable
comparison before and after the experiment, only customer orga-
nizations that raised at least three service requests and completed
at least two surveys 1 year before and 1 year after ML had
been deployed. All service requests were excluded for situations
without direct interaction between the service requestor and
human agent. Hence, the following types of service requests
were excluded: those created by a service monitoring system,
service requests not created directly by a customer, those where
resolution time was equal or before creation time, and all service
requests that have a reaction time of less than a second after
creation time.

IV. FINDINGS

A. Interview

One overall and six individual measures were identified as
relevant quasiexperiment PSQ measures. All experts mentioned
time to resolve, first personal response time, and FTR by six
experts, variance in reliability by three experts, number of reas-
signments, and variance in responsiveness by two experts. One
expert said: “Time to resolve is the number one thing.” Other
PSQ measures, such as the friendliness of the agent and the price
paid for the service, were omitted, and the experts mentioned
that introducing ML-based assignment groups and category
classification does not directly influence these measures.

B. Descriptive Data Analysis

Fig. 2 shows the development of the measures % FTR depicted
in green in relation to the assignment group prediction accuracy

Fig. 3. Overview of average reassignment count over 1 year after ML im-
plementation (number of service request reassignments from one to another
assignment group).

(blue line). Fig. 3 shows the development of the measure average
reassignment count. Both figures depict the development of the
measures until 1 year after the implementation of assignment
group classification. Both % FTR and average reassignment
count show a progressive, long-term improvement after assign-
ment group classification was deployed, reflecting the strong
positive trend in classification accuracy. From the eighth to the
ninth month after implementation, the classification accuracy
increased from 69.6% to 81.4% (Fig. 2, blue line). Simultane-
ously, the PQS measures average reassignment count, and %
FTR improved significantly: % FTR with 9.2% (Fig. 2, green
line) and average reassignment count with 18.4% (Fig. 3, black
line).

C. Classification Accuracy Development

In terms of prediction, after implementing ML classification
for service requests, the following classifications were made:
26 740 (39.5%) requests had both the assignment group and cat-
egory classified, 31 422 (46.6%) requests had only the category
classified, 752 (1.1%) requests had only the assignment group
classified, and 8666 (12.8%) requests had no classification ap-
plied. From the 27 492 assignment group classifications (40.7%
coverage), 19 220 were classified correctly (69.9% accuracy).
For the 58 162 category classifications (86.1% coverage), 26 798
were classified correctly (46.1% accuracy).

Fig. 4 (blue line) shows the 12-month trend reflecting the
increasing assignment group classification accuracy from 51.5%
to 78.3% 1 year after ML was implemented (52.0% accuracy
increase). Also, the category classification accuracy (orange
line) increased from 43.5% to 53.1% a year later (a 22.1%
accuracy increase).

The initial classification accuracy and the classification accu-
racy development during the year were consistently lower for
category classification than for assignment group classification.
This is because there are 56 categories versus 9 assignment
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Fig. 4. Overview of assignment group (blue line) and category (orange line)
classification accuracy after ML was applied.

groups, making it harder to get a high accuracy for category
classification than for assignment group classification: category
has, on average, fewer data per category item to get trained
accurately. In addition, the category classification has coverage
of 86.1% vs. 40.7% for assignment classification, whereas the
higher coverage (% of service requests where prediction has
been applied) results in lower accuracy. Also, the classification
accuracy shows a progressive, long-term improvement due to the
algorithm learning effect: wrongly predicted service requests are
corrected by human agents and consequently will be picked up
by the ML algorithm in the following training round.

D. Evaluation of the PSQ Measure Before and After ML has
been Deployed

A one-tailed paired t-test was used to determine whether the
difference in PSQ score and the six measures before and after
ML were statistically significant. Table I shows the results of
the descriptive data analysis and the one-tailed t-test for seven
PSQ measures. The mean of the overall PSQ score was 8.901
(1.24) before ML was implemented and 8.903 (1.190) after ML
was implemented. This difference (0.002) was not statistically
significant (p = 0.4764).

Regarding the separate PSQ measures, five improved after im-
plementation of ML (first time right +3.8%; time to resolve −4
days; variance in responsiveness −48.9%, variance in reliability
−0.03, and average reassignment count −0.06), whereas one
PSQ measure deteriorated (first personal response time+1 h and
47 min). Variance in responsiveness is measured as the average
STD of the two responsiveness measures, time to resolve and the
first personal response time. These differences were statistically
significant (all p-values < 0.0001).

Fig. 5 shows the development of the overall PSQ score cal-
culated as an organizational average over 1 year, starting after
the assignment group and category classification go-live date.
The after-go-live date shows two major decreases in overall
PSQ: between the third and sixth months and the tenth and

Fig. 5. Average overall PSQ score during a 1-year period after ML go-live.

twelfth months. Interviewees mentioned that this is most likely
a seasonal trend where the following factors play a role.

1) A relatively high number of problems were administra-
tively closed between the third and sixth months after
implementation. Consequently, all related long-running
service requests were closed, resulting in a peak in the
mean and STD of the resolution time and decreased PSQ
scores.

2) Between the third and sixth months after implementation,
the period had fewer working days and decreased capacity,
resulting in longer resolution times.

3) An increase in backlog leads to a higher response.
Finally, in addition to time to resolve, % FTR, and average

reassignment count, two measures show significant improve-
ments: the variance in reliability and the variance in responsive-
ness [reflected by the STD and interquartile range (IQR)]. Both
measures show an improvement after ML has been deployed
across all measures in the scope of this quasiexperiment: Resolu-
tion time (STD:−24.9%, IQR:−26.0%), first personal response
time (STD:−72.3%, IQR:+72, 7%), reassignment count (STD:
−5.5%, IQR: −18.4%), and PSQ score (STD: −2.4%). There-
fore, assignment group classification and category classification
mechanisms can profoundly affect service delivery.

V. DISCUSSION

An explanatory study was conducted using a quasiexperi-
ment. The article covered 131 978 service requests submitted
by 1252 organizations, 85 654 applied predictions, and 19 720
PSQ-returned surveys. ML has been deployed to match incom-
ing service requests into 56 existing categories and to dispatch
incoming service requests into one of the nine assignment groups
that will most likely resolve the service request. The classified
values for the incoming service requests were suggested op-
tions for agents to select while creating service requests. The
agent could apply the recommended classification values or
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TABLE I
RESULT OF THE DESCRIPTIVE DATA ANALYSIS AND THE ONE-TAILED T-TEST ON SEVEN PSQ MEASURES

overrule ML with another category or assignment group. The
article used data covering 2 years, thus spanning a relatively
long period: this diminished day and monthly variations due
to seasonal influences. Surprisingly, our investigation into the
effect of ML-based assignment group and category classification
of incoming service requests on the customer service PSQ
revealed that both capabilities did not improve the overall PSQ
measure in this article (Table I), although some specific measures
were improved. In our quasiexperiment, which investigated the
organizational implications and operational factors influencing
the extent to which ML improved perceived customer service
quality, we explored the influence of organizational structures
on the PSQ. We found that expert groups prioritizing accurate
problem-solving over quick responses led to a decrease in the
response time for incoming service requests.

A. Theoretical Implications

The current article answers Wang et al.’s [21] call for more
empirical research on how the implementation of ML affects ser-
vice performance. Also, our findings highlight the organizational
complexity of improving service quality through automated
classification. This aligns with existing literature emphasizing
the nuanced elements, such as the subjective valuation of being
human, essential for the perfect substitution between ML and
human-delivered services [41]. We also complement existing
literature on understanding the relationship between assignment
group classification and category classification on customer ser-
vice PSQ. Saberi et al. [4] suggested a strong correlation between
the classification of incoming service requests for directing them
to the right operator and an improved PSQ with empirical data
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on the impact of assignment group classification and category
classification on one overall PSQ and six specific PSQ measures
for customer service. Khowongprasoed and Titijaroonroj [30]
focused more on comparing human versus ML classification
and an assumed positive impact on the overall PSQ. A wide va-
riety of studies solely researched how to optimize classification
algorithm accuracy for classifying incoming service requests
[42], [43].

This article supplements the current literature, where ML
classification is used to help agents classify incoming service
requests more quickly and accurately within three areas. First,
we found that classification can improve the performance of
five specific customer service PSQ measures (time to resolve,
first time right, reassignment count, the variance in reliability,
and the variance in responsiveness). Second, we found that
classification can be applied to customer service processes con-
taining a magnitude of possible predicted values successfully
[this article contained 65 values (9 assignment groups and 56
categories)] by suggesting agents a category and assignment
group to select, rather than automatically applying: Coussement
and Poel [20], Khowongprasoed and Titijaroonroj [30], and
Nenkova and Bagga [8] used 2, 3, and 5 classifiers, respectively,
whereby the predicted value was automatically applied. Third,
the current article complements Wang et al. [21] on how the
implementation of ML affects service performance and is the
first to investigate the implications of assignment group classi-
fication and category classification on operational aspects of an
organization and the implications of organizational changes on
the impact and accuracy of assignment group classification and
category classification.

The article showed that one PSQ measure changed unfa-
vorably after ML implementation, whereas five PSQ measures
improved. A large unfavorable increase in the first personal
response time was observed after introducing ML (the mean
and median increased by 29.3% and 42.6%, respectively). A
possible explanation for this is that automatically dispatching
incoming service requests to expert groups will result in an
extended first personal response time. In contrast to help-desk
agents, agents in expert groups focus on solving complex prob-
lems correctly rather than replying as quickly as possible to
incoming service requests. The other five individual PSQ mea-
sures (time to resolve, % FTR, average reassignment count,
the variance in reliability, and the variance in responsiveness)
improved after ML implementation, some substantively (mean
−16.4%, +5.8%, −14.9%, −5.8%, and −48.9%, respectively).
The overall PSQ score did not change significantly (0.001%
mean increase). Several potential explanations exist for this lack
of overall PSQ improvement after ML implementation. First,
it may be that unfavorable changes in some individual PSQ
measures compensated for favorable changes in other individual
PSQ measures, resulting in a null change in the overall PSQ
score. However, this seems unlikely as only one individual
PSQ measure changed unfavorably, whereas five individual
PSQ measures changed favorably. These changes were similar
in effect size compared with the unfavorable change. Second,
operational developments within the enterprise that occurred
during the period of the quasiexperiment might have influenced

individual PSQ measures that were not included in this article
but might have contributed to the overall PSQ score. All three
quasiexperiment-related interviewees mentioned introducing a
new support group as the cause of operational confusion. One
interviewee said, “An organizational realignment whereby an
additional assignment group was introduced caused a lot of
manual re-assigning service requests to assignment groups.” The
original algorithm was calibrated to the pre-existing structure.
With the new group added, the parameters and data patterns the
algorithm relied on have shifted, causing a mismatch between
service request attributes and group responsibilities. Conse-
quently, the system’s confidence in making accurate predictions
has waned, necessitating a higher degree of manual intervention
to ensure service requests are assigned correctly.

After updating and finetuning the algorithm, the prediction
accuracy improved subsequently. The interviewees also argued
that the seasonality of new products directly impacts the PSQ:
After a product is released, existing problems get closed as
“fixed” or “not fixed.” The number of incidents related to
these problems is higher in this period, and they are prone to
low PSQ scores as they are long open. The interviewees also
mentioned the following operational changes: the complexity
of the underlying emerging product and the conception of cus-
tomer urgency that influenced PSQ measures. These factors (and
possibly other factors not mentioned by the interviewees) might
have influenced one or more PSQ measures or the overall PSQ
score to an unknown extent.

Both metrics, average reassignment count and accuracy of
first-time assignments, improved after implementing ML-based
classification. However, there was a shift in manual intervention
for misclassified assignments, as agents could no longer return
service requests to the original assignment group but had to
identify the correct one. This affected the time-to-resolve metric,
which could negatively impact overall PSQ.

B. Practical Implications

The findings suggest that the impact of ML capabilities might
have a more complex relationship than thought. Although the
overall PSQ score did change significantly, the findings show
that the use of ML in service management processes has the
following advantages: the improved time to resolve, % FTR, av-
erage reassignment count, the variance in reliability, and the vari-
ance in responsiveness. However, there are also disadvantages,
e.g., expert assignment groups’ longer first personal response
time. These insights can help managers avoid the disadvantages
when implementing ML or implement countermeasures, such as
an intelligent chatbot for customer service, to improve response
times [5]. Models conceptualizing and evaluating ML should
consider the different types of capabilities addressed. However,
operational factors, such as the complexity of the underlying
emerging product, backlog clean-up action, or reorganizing the
customer service department, can also play a role.

When organizations aim to improve the PSQ within customer
service with ML, this article provides important insights into five
implementation success factors, including strategies to mitigate
the negative impacts of ML on PSQ measures, such as first
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personal response time and misclassifications. First, organiza-
tions should be mindful when applying ML to new or realigned
parts of their business because of the potential lack of represen-
tative data or relevant training features to train the model to max-
imize relevance, classifier accuracy, recall, and precision [44].
To ensure the model maintains classification accuracy despite
new situations, organizations can opt to train the new model in a
subproduction environment and replace the existing production
model only when the classifier accuracy, recall, and precision
meet the minimum acceptable performance levels. Second, orga-
nizations should anticipate who in an expert group is responsible
for correcting faulty predictions in advance. Another mitigation
strategy is that faulty predicted records should be automatically
routed to first-level support, which typically handles triaging and
classifying service request categories, thereby ensuring work is
assigned to the appropriate group. This prevents expert groups
from wasting time locating the correct group and avoids the issue
of service requests being shuffled around the organization, as
experts often lack reassignment knowledge, ultimately leading
to longer resolution times and, consequently, lower overall PSQ.

Third, the PSQ measures can be continuously monitored,
including a threshold for minimum performance, and the ML
model can be used to identify performance drops as they occur
and investigate any causal relationship between PSQ and ML
model performance deterioration.

Fourth, process participants should anticipate the operational
implications through better knowledge of the ML-related deci-
sions and operational impact on the PSQ measures [45], e.g.,
expert groups need to react faster to incoming new service re-
quests to ensure a quick first personal response time. This can be
achieved simply by assigning agents a dispatch role responsible
for picking up incoming cases and assigning them to the right
agent within that team. Also, ML can be used to predict response
time or resolution time to inform users about the situation and
that their expectations might not be relevant anymore. This will
reduce the delta between the expected and actual PSQ and
will most likely result in a move positive overall PSQ [24].
Additionally, a potential migration strategy is to implement a
queue prioritization system to avoid long personal response
times. This ensures fair handling of all service requests and
reduces overall queue time by addressing more straightforward
requests first [46].

Fifth, if a prediction’s accuracy is too low, the top three
predicted values can be presented as options rather than automat-
ically implementing ML-predicted values. Users are empowered
to override the predicted values with their preferred choices. Any
manually overridden value should be incorporated as training
data to enhance the precision of the ML model.

Our focus was on two types of capabilities, and the effect of
the implementation and adoption of those two capabilities were
found to be different. This suggests that not all ML capabilities
have the same effect. More research into the effects of the other
capabilities is needed. Also, understanding which capabilities
will result in which types of improvement are needed. Never-
theless, the findings of this article can be used as a guideline for
implementing and adopting ML.

C. Limitations and Future Article

This article was conducted within a single organization with
a large dataset covering the interaction with 1252 customer
organizations with 19 720 PSQ-returned surveys. We compared
the old situation with the new one and used the old situation as the
control group. The disadvantage is that we have a control group
without the same factors, such as the increased complexity of the
emerging product, a backlog cleanup action resulting in the clo-
sure of many long-running service requests, and the introduction
of a new support group. The absence of the control group impacts
the article’s internal validity, making it more challenging to
attribute observed changes in PSQ directly to the interventions.
Other factors, such as the length of time an organization has
been a customer of the large enterprise software organization,
could inherently change their perceptions and how they respond
to service quality surveys [47]. Finally, internal factors, such
as the consistency of interaction between the requester and a
particular service agent, might also influence the overall PSQ.
This consistency can lead to survey response biases within a
single service instance or over several interactions. Requesters
who frequently interact with the same agent might report higher
satisfaction due to familiarity or higher or lower expectations
based on previous service experiences [48].

In further article, we have four main recommendations to
validate the current article’s findings. First, this article provides
the foundations and the findings can be generalized statisti-
cally by employing a replication strategy for quasiexperiments
on customer service processes to identify and assess external
factors affecting PSQ. This facilitates easy comparison of both
replicated studies, allowing for a deep dive into discrepancies,
enhancing result validity, and enabling targeted service improve-
ments. [49]. Second, the article can be expanded to different ML
capabilities. More specifically, we recommend investigating the
impact of service request throughput time prediction on PSQ,
as customer service expectations are considered a critical aspect
of the overall PSQ [6], [50]. The third recommendation is to
expand and examine the relationship between the dimensionality
of the PSQ measures. The first step would be to list all measures
that might influence the overall customer service PSQ. As a
second step, conduct a factor analysis to identify measures
having a high impact on the PSQ that potentially can be improved
by ML. Fourth, we recommend including a control group in
future quasiexperiments where feasible. This addition will help
determine if changes in PSQ are due to ML or external factors.
A control group remains unaffected by the ML intervention,
providing a clear baseline for comparison.

VI. CONCLUSION

This article was structured around two pivotal questions:
what is the effect of ML-based assignment group and category
classification of incoming service requests on the perceived
customer service quality, and what are the organizational impli-
cations and operational factors influencing the extent to wherein
the ML improved the perceived customer service quality? We
have found that the effects of ML classification on PSQ are not
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addressed within organizational settings. This article revealed
that ML resulted in both positive and negative effects. The
article shows that the assignment group and category classifi-
cation capabilities positively impacted the % FTR and average
reassignment count measures. It also significantly influenced
the PSQ measures time to resolve, the variance in reliability
(−16.4%,−5.5%, respectively), and it improved the responsive-
ness variance to some extent (−48.9%). However, assignment
group and category classification had no significant positive
effect on the overall PSQ score. The negative effect included
a large and significant increase in the first personal response
time. This is because agents in expert groups focus on solving
complex problems correctly rather than replying as quickly as
possible to incoming service requests, resulting in longer lead
times for the first personal response. Hence, the introduction
of ML might have unexpected organizational consequences.
Other operational factors that impacted the PSQ include the
complexity of the emerging product, a backlog cleanup action
resulting in the closure of many long-running service requests,
and the introduction of a new support group. This suggests that
the use of ML for improving customer service processes might
be more complex than is often assumed in the literature, and
organizational changes are needed. The type of capability and
context should be considered when evaluating the impact of ML.
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